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ABSTRACT
An interdisciplinary investigation of infant sleep: How we study it, what it means for other areas
of development, and where methodological creativity can take us.
by
Melissa N. Horger
Advisor: Dr. Sarah Berger
The present dissertation is broken into six chapters. Chapters 2 through 5 comprise four research
projects that build upon each other and in both theoretical and methodological ways. The bookends
– my introduction and conclusion – are written for an interdisciplinary, even lay audience. In its
entirety, the text is centered on infant sleep. First, I describe the functional role of sleep and liken
it to a barista working in a coffee shop. Then, I lay out researcher choices – of design and
measurement – when incorporating sleep as a facet of a research paradigm. After comparing three
measurement techniques (parent report, actigraphy, and Nanit videosomnography), I apply one
(Nanit) to the study of sleep and motor development. Intensive longitudinal data collections
allowed for more precision in documenting when and how sleep is disrupted around motor skill
onset. To see if changes in the ultradian cycle were underlying these results, I manually analyze
the Nanit video data, state scoring nightly videos for total time spent in REM and NREM around
onset. Finally, I offer another methodological adaptation to record infant sleep and state code,
using both actigraphy and wireless cardiorespiratory sensors. Future interdisciplinary research on
infant sleep and development can benefit from instances of methodological creativity, as I have
shown here. Doing so will also resolve some of the barriers that prevent potential participants and
researchers from engaging in the field.
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CHAPTER ONE
Introduction
The why of sleep has been a thorn in the side of many early scientists. It takes up so
much of our time that they felt sure it served a distinct purpose. Fast forward through over 100
years of study and there are several well researched theories regarding the functions of sleep,
including its role in learning (Dang-Vu et al., 2006). When considering the results in their
entirety, there appears to be a bidirectional relationship between sleep and learning. However, it
is more common, in individual studies, to assess only the impact of one or the other: sleep on
learning (Horváth et al., 2018) or learning on sleep (Plihal & Born, 1997).
To better understand this bidirectional relationship, I present a metaphor. If our brain is a
coffee shop, sleep is the barista working the closing shift. Some knowledge of the inner workings
of a café is necessary here, or at least a general idea of the closer’s duties, namely washing and
storing the coffee mugs, cleaning out the big coffee urns, repairing the napkin dispensers, and
taking out the trash. Tasks that the closer does not accomplish, perhaps because it was extra
busy, become the burden of the opener.
Each of these play out during sleep as well. Perhaps the most intuitive is sleep’s role in
rest and repair. Cellular damage and debris accumulated during the course of the day are
remedied (Cao et al., 2020). The cleaning and stocking of mugs are parallel to the way our brain
prunes and stores new information. Sleep promotes the integration of gist learning and removal
of irrelevant information (Gilad & Shapiro, 2020). Imaging research has shown that the same
areas of the brain activated during learning are reactivated during sleep (Lewis et al., 2018). As
when the barista is interrupted and cannot finish putting the mugs away, if sleep is disrupted, our
memory for things learned the previous day suffers (Dang-Vu et al., 2006). We are also less
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equipped to form new memories as the opening barista would be less equipped to handle a
morning rush (Horger et al., 2021).
Clearly the efficacy of the closing and opening employees are intertwined. For the coffee
shop to be successful, both need to be flexible in dealing with day-to-day changes. The impact of
learning on sleep can be conceptualized as the impact of the day’s events on the closer’s
performance. For example, a delivery day may entail a shift full of stocking, while a weekend
close involves cleaning up after a consistently busy crowd. Likewise, after specific kinds of
learning events, researchers have documented a corresponding increase in rapid eye movement
(REM) or non-rapid eye movement (NREM) sleep which promotes consolidation (Huber et al.,
2004; Mandai et al, 1989).
Observing any barista’s shift in isolation will provide an incomplete, if not skewed,
picture of how to run the coffee shop. In reality, it comprises dynamic and collaborative
responses to past and future needs such knowing when to restock the sugar or cleaning up a spill
under the corner table. The day-to-day experiences are meaningful. I would argue that studying
sleep one night at a time presents the same partial view. Most sleep research is limited to one
night or daytime sleep period. Interdisciplinary developmental researchers have occasionally
modified these paradigms while pursuing their own specific aims, but even in this field, intensive
longitudinal sampling is a rarity.
The size of sampling intervals has the potential to greatly impact our interpretation of
developmental change. Figure 1.1 displays the average total sleep time for a small sample of
infants (discussed in more detail in Chapter 3) from one month through the first year. Time runs
along the x axes in days of participation. Each graph used a different sampling interval – 2 days
and 30 days – to display its effect on the overall trajectory. As can be seen in the left panel of
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Figure 1.1, there is a great deal of night-to-night variability even after averaging across 2 nights
at a time. A comparable phenomenon has been documented in infants’ physical growth patterns
(Lampl, Veldhuis, & Johnson, 1992) and motor development (Adolph et al., 2008).
Figure 1.1
Trajectory of total sleep time across days of participation

Several barriers prevent intensive sampling from being more widely used. The first is
logistical. Intensive sampling requires a greater commitment from both the researcher and the
participants. To combat this, some rely more heavily on technological advances and automated
data collections. These have mitigated some of the burden of data collection as people more
commonly carry smartphones and wear smart devices (Iida et al., 2012). Automated data
collection can also reduce the frequency of missing data though they too can fail as a result of
poor Wi-Fi or dead batteries. Long term data collections can delay researchers’ publications and
careers, further underscoring the necessity of collecting consistently good data in a shorter period
of time.
Missing data is the enemy of the statistician, but it is a reality the majority of us must
face. If coupled with a small sample size, the prognosis goes from bad to worse. However, I
believe this is a failure in creativity and a form of gatekeeping. The inability to run the traditional
statistics (e.g., t test and ANOVA) should not be considered a flaw of the data or the underlying
3

construct, but a flaw of the tools. Slowly, but surely, researchers are moving away from the oncesacred p value because they understand it is arbitrary and adopting new statistical methods. Some
of which will be utilized in the coming chapters.
Small, but intensive longitudinal data sets can meaningfully contribute to our
understanding of development and the following three chapters will be used to illustrate how.
Daily parent reported measures of infants’ motor ability and nightly sleep data were collected
longitudinally through (at least) the second half of the first year. Data collection began in January
2019 and has continued, uninterrupted to the present (March 2021). Each chapter will use a
different aspect of the data and address a specific research question. Running themes throughout
the dissertation are researcher choices and the consequences of these choices. I will discuss the
impact this has on our understanding of development – specifically within the domains of sleep
and motor skills.
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CHAPTER TWO
Researcher choices for infant sleep assessment 1
Our empirical work begins with an investigation of methods for studying infant sleep.
Infant sleep research focuses on two primary areas: 1) the developmental trajectory of sleep and
2) the relationship between sleep and other developmental outcomes such as self-regulation
(Schumacher et al., 2017), executive function (Bernier et al., 2010), and learning (Seehagen et
al., 2015). The developmental trajectory of sleep is marked by change—less daytime sleep,
fewer wakings during the night, and longer durations of continuous sleep—and characterized by
both inter- and intra-individual variability (Mindell et al., 2016). For example, it is common for
one baby to fall asleep sometime between 7 and 8pm each night while another does so between
8pm and 10pm.
Such variability, paired with age-appropriate outcome measures, makes it possible to
investigate the functional role of sleep. Within the domain of learning and memory, for example,
conclusions regarding sleep’s role range from integral to the process of memory consolidation
(Horváth et al., 2018; Seehagen et al., 2015; Simon et al., 2017) to relatively inconsequential
(Lukowski & Milojevich, 2013; Tham et al., 2017). Other researchers report only an indirect
benefit to memory and instead proffer sleep as a mechanism for forgetting and weeding out
irrelevant details (Konrad et al., 2019).
The diversity of findings may partially stem from the multitude of choices available to
measure sleep (Dutil et al., 2018). These choices are informed by many factors, from budget to
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This chapter was published in Horger, M. N., Marsiliani, R. S., DeMasi, A., Allia, A., & Berger, S. E.
(2021). Researcher choices for infant sleep assessment: Parent report, actigraphy, and a novel
video system. Journal of Genetic Psychology.
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ease of use, but they have implications for the reliability and validity of the data collected, as
well as for the conclusions that can be drawn (Galland et al., 2012; Meltzer et al., 2012).
Generally, there are two types of choices to be made: of design and of measurement. Figure 2.1
displays a decision tree for each. The implications for reliability and validity should be weighed
at each step. Inaccurate measurement can lead to false conclusions or a misrepresentation of the
“normal” trajectory of sleep.
Choices of design
The first design choice involves deciding what aspects of sleep are of interest. The most
commonly investigated sleep variables are schedule and quality (e.g., Konrad et al., 2019). Sleep
schedule variables include sleep start time, midpoint of sleep, morning wake time, and nap
time(s). Sleep quality variables assess the extent to which sleep is disrupted, such as the number
of wake episodes and sleep efficiency (percent of time spent asleep out of the total time in bed)
(Camerota et al., 2018). The theoretical framework of the research is essential in guiding these
choices and situating infant sleep as a predictor or an outcome.
To illustrate this process, consider two lines of work: that of Kurdyziel, Duclos, &
Spencer (2013) and McNamara, Belsky, & Fearon (2003). The former’s research was motivated
by the Active Systems Consolidation theory, which posits a direct role for sleep in memory
consolidation. The latter framed their research from an Attachment theory perspective, which
asserts that attachment styles impact the developmental trajectory of sleep. Both included
measures of sleep schedule and quality because they had hypotheses related to each. Both found
significant results associated with sleep quality, one related to learning (Kurdyziel et al., 2013)
and the other related to insecure-resistant attachment styles (McNamara et al., 2003).
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Figure 2.1
Decision Tree for Choices of (A) Design and (B) Measurement

A.
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B.

The second design decision regards frequency of data collection. Are researchers
interested in how average sleep patterns relate to outcomes such as learning and cognition
(Lukowski & Milojevich, 2013)? Or are they interested in the effect of a single daytime nap
(e.g., Berger & Scher, 2017; Horváth et al., 2018; Simon et al., 2017) or night of sleep (Seehagen
et al., 2015)? Measurement techniques, which are more fully discussed in the following section,
can disrupt ‘typical’ sleep patterns because they require participants to sleep in an unfamiliar
environment or wear equipment on their body. As such, researchers may incorporate a period of
adjustment, remove initial data points, or average data across time, all of which require more
data collections to produce a useable data set (Akacem et al., 2015).
On the other hand, research questions may depend upon night-to-night variability to link
specific sleep characteristics to next-day functioning. For example, parent reports averaged over
hundreds of infants clearly show the expected developmental trends of fewer wake episodes with
time (Mindell et al., 2016). However, increasing the sampling density to capture individual
trajectories shows a much more nuanced and non-linear developmental process. It also allows
sleep patterns to be linked with other psychological domains, such as the onset of new motor
skills (Berger & Moore, 2018).
Choice of measurement
The choices that researchers make about how to measure sleep impact our understanding
of its development in context. Design decisions can fall into 3 subcategories: choices of
objectivity, precision, and coding. Objective measurement techniques record behavioral,
physiological, or neural signals during sleep (Ednick et al., 2009). Objective measures are
necessary for recording the physiological aspects of sleep that are invisible to the naked eye.
Additionally, objective measurement removes the burden of data collection from the participant.
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At the other end of the spectrum, subjective measures involve a self or parent report of sleep.
These subjective measures are most accurate for documenting sleep schedules because the
behavioral indicators of sleep versus wake, such as limited movement and closed eyes, are easily
observable (Bernardi & Siclari, 2019).
Researchers’ second consideration regards precision. Here, precision refers to the
spectrum of direct and indirect measurement techniques. Direct measurement utilizes
observation, for behavioral aspects of sleep, or sensors that record physiological aspects, like
muscle contractions (electromyography, EMG) or heart rate (electrocardiogram, ECG) (Werth et
al., 2017). Indirect measurements use a proxy to infer information about the variable of interest.
For example, researchers could record an individual’s physical movements for 24 hours and use
motility patterns to delineate sleep and wake periods (Sadeh, 2011). Precision is how well, or
how precisely, sleep is measured by a particular technique. While direct measurement is always
more precise than indirect, there is a spectrum within the former. For example, EEG is more
precise than ECG at state coding (Grigg-Damberger, 2007).
The third choice is the way resulting data are coded—manually or with an automated
system. When the measurement technique is sensitive enough to collect data on a minute-byminute (or even more frequent) basis (e.g., actigraphy), an automated coding system is typically
used to score sleep and wake (Galland et al., 2012; Meltzer et al., 2012). However, there is a lack
of consistency in that researchers using the same measurement technique may not use the same
algorithm to code the resulting data (Grigg-Damberger, 2007). The gold standard of sleep
measurement, polysomnography (PSG), continues to utilize manual coding. Sleep technicians
are trained to mark not only sleep versus wake, but the state (rapid eye movement, REM, and
NREM), for each 30-second epoch (Grigg-Damberger, 2007). PSG is the most rigorous and
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encompassing form of sleep measurement, utilizing a combination of objective, direct
measurements such as electroencephalography (EEG), electrooculography (EOG), EMG, and
ECG (Scott, Lack, & Lovato, 2020). Videosomnography is another example of manual coding in
which the sleep period is video recorded and coded for behavioral indices of sleep or wake which
is less invasive than PSG (Wang et al., 2019).
Debate around choices of measurement is more common in pediatric sleep medicine
because diagnosis and treatment require a high level of specificity (Scott, Lack, & Lovato, 2020).
However, basic researchers are not exempt from this conversation and, as the value of
interdisciplinary work is increasingly recognized, should more critically consider their methods.
Working within typical populations restricts the range of variability, and small but meaningful
differences may be lost to estimation. As research questions evolve from, for example,
demonstrations that sleep facilitates learning in infancy (Berger & Scher, 2017), to disentangling
the process through which sleep does so, our methodologies must evolve as well (Horváth et al.,
2018). Measurement techniques must innovate to address more in-depth and nuanced questions,
without sacrificing accuracy or ease of use. In turn, methodological advances have the potential
to unlock previously unexplored aspects of the developmental trajectory of sleep.
Current study
The aim of the current study was to validate a novel sleep measurement tool by
comparing it to existing standards. Consistent with the most commonly used measures in the
literature, our sleep variables of interest included sleep start time, morning wake time, number of
wake episodes, sleep efficiency, and sleep duration (Dutil et al., 2018). Measurement techniques
comprised two established methods—parent-reported sleep diaries and actigraphy—and an
innovative form of videosomnography, the commercially available video baby monitor system,
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Nanit. We hypothesized that the methods would show most agreement on measures of sleep
schedule. Additionally, we hypothesized that Nanit would produce sleep quality estimates closer
to actigraphy than parent report. I review each measurement technique in turn.
Parent-reported sleep diaries
A significant portion of infant sleep research is based on parent report. Diaries typically
require parents to indicate, in a 24-hour-timeframe, when infants fell asleep and woke up
(Anders, Sadeh, & Appareddy, 1995). Diaries have both benefits and drawbacks. They are easy
to use and by far the most affordable option. Technological advances have even eliminated the
need for physical copies of forms and manual data entry (Mindell et al., 2016). Big data sets can
be collected in relatively short periods of time and questionnaires can reach more diverse and
underrepresented populations. Research using both parent report and an objective measure of
sleep reported a strong correlation between the two, specifically regarding sleep schedule
variables. Parents were least accurate in reporting on the quality of sleep between bedtime and
wake because infants may not cry or otherwise indicate whether they are awake (Sadeh, 2004;
Sadeh, 2011). Additionally, subjective reports run the risk of becoming burdensome, missing
data, and human error.
Actigraphy
Actigraphy is the most common objective measure of sleep (Schoch, Jenni, Kohler, &
Kurth, 2019). It is an accelerometer housed in a small case that resembles a wristwatch (placed
around an infant’s ankle) that continuously records motility. The amplitude of movement is
processed through age-specific algorithms to classify sleep-wake cycles and measure quality of
sleep (Sadeh, Raviv, & Gruber, 2000). Actigraphy correlates highly with PSG, with 85%
agreement on sleep onset and offset as well as general quality (Sadeh, 2011; Sadeh et al., 1991).
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It is minimally intrusive as well as cost-effective and can collect data for long periods of time
without researcher assistance. Because of its popularity, many companies have designed their
own actigraphs, but they are not equally reliable and valid (Insana et al., 2010). As researchers
make choices about coding (actigraphy data, specifically), they should be mindful of the
sampling rates, scoring parameters, and frequency of use in the literature when choosing a brand.
A reliable and valid method should also be compared to the gold standard of polysomnography.
Actigraphy is an indirect measure, relying on movement to infer sleep parameters, which
sacrifices some precision. The most common resulting errors include the misidentification of
quiet wakefulness as sleep or incorrectly labelling active sleep as wake (Meltzer et al., 2012).
Additionally, artifacts caused by external movement like that of a stroller, can lead to inaccurate
data. Sleep diaries are frequently used in conjunction with actigraphy to account for these
anomalies; movement artifacts can be manually removed to make the sleep parameters more
accurate (Sadeh, 2011).
There are 3 population-specific, automated algorithms used to analyze actigraphy data
from Ambulatory Monitoring Inc.: Sadeh, Sadeh (<1 year), and Cole (Galland et al., 2012). Only
the first two will be discussed because of their frequency of use. Their primary difference is the
Sadeh (< 1 year), henceforth referred to as ‘Sadeh Infant’, has a higher tolerance for movement
(Sadeh et al., 1991). Nervous system development leads to less physical movement during sleep
around the end of infancy (Anders, Sadeh, & Appareddy, 1995), but the justification for
switching from the Sadeh Infant to Sadeh at exactly 12-months is less clear.
A final challenge associated with actigraphy is the possibility of asymmetric motility
during sleep. In a recent investigation, two actigraphs were used simultaneously, each worn
around an infant’s ankle, and the resulting sleep/wake patterns compared. The greatest
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discrepancies were in the identification of wake episodes. In one third of the evenings, the two
actigraphs reported different total numbers of wake episodes and wake episode durations.
However, they did not differ in the amount of activity recorded hour-by-hour (Atun-Einy et al.,
2018).
Videosomnography
Another option for objective sleep measurement is videosomnography. Video monitoring
has been popular since the 1970s, both used in isolation and with other methods such as
polysomnography (Anders & Keener, 1985, Anders, Sadeh, & Appareddy, 1995; Silvestri, 2009;
Wang et al, 2019). Videosomnography has evolved with time, now using a sophisticated system
of hardware and software (Bitrate, Compression) including an infra-red camera (Ipsiroglu,
2015); images and video are captured in real time, along with movement, position, sound, sleepwake states, and environmental factors (Ipsiroglu, 2015; Wang et al., 2019).
There are also commercially available videosomnography systems, particularly for infant
populations, such as BabbyCam© and NanitTM. Nanit uses a camera with an infra-red light
mounted over the crib. When installed, the user manually defines the area of the crib as well as
the space where parents typically attend to their infants. The videos are time lapsed and an app
permits the user access to past dates and times. Nanit has developed a system for analyzing
infant sleep using computer vision technology, which has previously been demonstrated to be
similarly accurate in determining sleep and wake states when compared to actigraphy and
polysomnography (Barnett et al., 2019). Highly specific algorithms can generate sleep summary
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statistics including sleep start time, morning wake, and number and duration of wake episodes as
well as distinguish between parental interactions.
In-home videosomnography has the potential to remove the burden of reporting from
parents and alleviate some of the methodological problems associated with actigraphy, including
being less physically intrusive. It also accounts for information from the entire infant, as opposed
to a single limb as in actigraphy. However, most commercially available devices have rarely
been used in research and it remains to be determined how they compare to existing reliable and
validated methods.
Method
Participants
Nine healthy, full-term infants (5 males) with no reported developmental delays
participated. They had no health problems during the study. Seven infants were from the New
York metropolitan area and two were from Israel. All families were middle- to upper middleclass. Five infants slept in a crib in their own room, one shared a room with an older sibling, and
three slept in a crib in their parents’ room. No families regularly co-slept in the same bed.
Infants’ ages at the start and end of the study, the number of nights of data collection and total
participation interval are summarized in Table 2.1. All participants were part of a larger study for
which data collection is still ongoing about the relation between sleep and the onset of motor
milestones. The research was approved by the Institutional Review Boards of College of Staten
Island and University of Haifa and parents provided written informed consent for participation at
the beginning of the study (IRB#2018-1039).
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Table 2.1
Participant information

9.5 months

Span of
participation
93 days

Nights with
parent report
3

Nights with
actigraphy data
5

Nights with
Nanit data
6

Total nights
scheduled
6

7.4 months

11.47 months

125 days

11

11

12

12

8.19 months
2.93 months
6.67 months
6.05 months

13.08 months
12.0 months
9.89 months
10.06 months

150 days
248 days
91 days
122 days

13
27
7
9

14
27
8
15

14
27
7
18

14
28
8
20

2.39 months

10.72 months

253 days

3

15

15

15

4.31 months
0.89 months

10.98 months
10.32 months

90 days
289 days

3
9

3
9

2
8

3
9

Infant#

Sex

Race/Ethnicity

Age (at start)

Age (at end)

A

M

6.48 months

B

M

C
D
E
F

M
F
F
F

G

F

H
I

M
M

White
Black, Asain/Pacific
Islander, White
White
White
Jewish
White
Black, Asain/Pacific
Islander, White
White
Jewish
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Sleep measurement
Data collection from the three sleep measurements were scheduled for three evenings
each month. Aside from sleep measurement, those evenings were typical ones in which infants
slept in their own cribs and maintained their usual routine.
Parent report
For each of three nights per month, parents recorded the time their infant fell asleep, the
time they woke up, the number of night wakings, and the total amount of daytime sleep. Five
parents completed the diary via paper and pencil; four did so in an Excel file. The sleep diary has
been successfully used with a sample of infants with similar demographics (Berger & Moore,
2018).
Actigraphy
On the same nights that parents kept the sleep diary, infants wore a MicroMini Sleep
Watch actigraph (Ambulatory Monitoring, Inc., Ardsley, NY, USA) around their left ankle.
These actigraphs utilize a triaxial accelerometer with a sampling frequency of 32 Hz. Actigraphs
were initialized for zero crossing mode and collected data in 1-min epochs (Atun-Einy et al.,
2018). Activity data were processed for the primary analysis using the Sadeh Infant algorithm.
They were scored a second time using the Sadeh algorithm. Both used awakening rules of 5
contiguous wake blocks to start and 15 contiguous sleep blocks to end. Such a threshold means
that infants must show movement for 5 consecutive minutes to be considered a transition from
sleep to wake. Conversely, they must display 15 minutes of stillness to be considered a transition
from wake to sleep.
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Nanit
Families were lent a Nanit video monitoring system for
the duration of the study (See Figure 2.2). The system

Figure 2.2
Nanit camera

comprises a camera on an arched tripod, installed behind the
crib so that the camera is suspended over the center of the crib
like a mobile. A slight curve to the lens permits a full,
unobstructed view of the sleep environment. Parents had
access to the Nanit app, which provided nightly videos of their
infant when in the crib and sent customizable alerts based on
movement or noise. Videos were automatically recorded every
night and were processed via the computer vision algorithm.
The proprietary algorithm is based on a combination of the guidelines used in scoring
videosomnography (Anders & Keener, 1985) and actigraphy (Sadeh et al., 1995). At our request,
Nanit provided sleep summary statistics for the same three evenings we collected diary and
actigraphy data.
Data analysis plan
We had 5 sleep variables of interest: time of sleep onset, morning wake time, number of
nightly wake episodes, sleep efficiency, and sleep duration. Sleep efficiency represents the
percent of time the infant was asleep during the total sleep period. For example, if an infant was
put to bed at 7pm and woke up at 6am and they slept, uninterrupted for the entire 11 hours, they
would have a sleep efficiency of 100%. If they only slept for 10 of the 11 hours, their sleep
efficiency would be 90% and so on. Graphical displays of data per participant were examined for
outliers.
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Preliminary analysis compared the first three sleep variables, onset time, morning wake
time, and number of wake episodes, across all methods (parent report, actigraphy, and Nanit).
All were non-normally distributed. We ran bivariate Pearson correlations on the average of
nightly measures to capture the general association between methods, with an increased
threshold of p < .01 (Bland & Altman, 1999; Shan, Zhang, & Jiang, 2020). Then, difference
scores for individual evenings were calculated to capture the extent to which the measures
converged. Actigraphy (Sadeh Infant) was used as a baseline and the other methods subtracted
because actigraphy is the most common of the three in the literature (Ednick et al., 2009).
The other two measures of sleep quality—sleep efficiency and duration—were compared
only between actigraphy (Sadeh Infant algorithm) and Nanit, because prior research has
documented the discrepancies between parent report and actigraphy (e.g., Schoch et al., 2019) .
The Bland-Altman technique, with modifications for repeated measures, was used to assess the
level of agreement between Sadeh Infant and Nanit on sleep efficiency, number of wake
episodes, and sleep duration. As in other work, the limits of agreement were set to 95% (2 SDs)
(Bland & Altman, 1999; Myles & Cui, 2007). The graphs display both systematic bias and the
spread of difference scores. If the graphed measures were identical, all the points would fall on
zero. If one was reliable but systematically biased towards higher scores, the difference scores
may be centered around three, but not display much variability. Finally, if the techniques are not
comparable, the difference scores will be randomly distributed and show high variability.
Finally, to better understand the role of sleep measurement methods in a developmental
context, a case study of the infant with the most intensive data collection—a participation
interval of over 8 months with 27 nights of data collection—was analyzed separately. Age was
entered as a predictor for number of wake episodes and sleep duration (the only 2 outcome
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measures comprised of ratio data that had not been transformed) in nonlinear regressions to
estimate the shape of an individual trajectory.
Results
Outliers and excluded data
Of 115 potential nights of data contributed by the 9 infants, Nanit data was excluded for
11 because the infants were removed from their cribs during the night or early morning hours.
Measures of sleep quality, wake episodes, and morning wake time were dropped, but sleep onset
was retained. The 107 nights of actigraphy data were inspected for anomalies based on device
issues such as falling off during the night. Three nights were excluded.
Correlations and difference scores across methods
The correlation matrix for sleep schedule variables by measurement technique is
presented in Table 2.2. Overall, parent report, actigraphy, and Nanit were significantly,
positively correlated.
Differences between actigraphy (analyzed with the Sadeh Infant algorithm) and parent
report, Nanit, and Sadeh for sleep start, morning wake time, and number of wake episodes are
depicted in Figures 2.3-2.5. Descriptive statistics are in Table 2.3. Parents and Nanit reported
overall more sleep than Sadeh Infant—earlier start times, later morning wake, and fewer night
wakings. Sadeh displayed the most conservative scoring of sleep resulting in the later sleep start
times and earlier morning wake, but not consistently more wake episodes.
Bland-Altman plots
Figure 2.6A displays the Bland-Altman plot for the number of wake episodes detected by
the two methods (Sadeh Infant and Nanit). All but 4 points (5.0%) fall within two standard
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Table 2.2
Correlation matrix comparing sleep metrics across measurement techniques
Sleep onset

Morning wake

Sleep efficiency

Wake episodes

Sleep duration

Acti
Acti
Parent Acti
Acti
Parent Acti
Acti
Parent Acti
Acti
Parent Acti
Nanit
Nanit
Nanit
Nanit
(Sadeh) (Infant)
report (Sadeh) (Infant)
Report (Sadeh)
report (Sadeh) (Infant)
Report (Sadeh) (Infant)
Actigraphy
1
(Sadeh algorithm)
(N = 9)
Actigraphy (Sadeh
.946*
Infant algorithm)
(N = 9)
Nanit
.856*
(N = 9)
Parent Report
.801*
(N = 9)

Acti
(Infant)

Nanit

Parent
Report

-

-

-

1

-

-

-

1

-

-

-

1

-

-

n/a

1

-

-

n/a

1

-

-

.947*

1

-

-

0.354

1

-

-

0.214

1

-

n/a

0.779

1

-

n/a

.937*

1

-

0.547

0.741

1

-

0.271

0.197

1

-

0.506

0.304

1

n/a

0.115

0.361

1

n/a

.393*

.917*

1

0.862*

.932*

0.598

1

0.014

-0.521

-0.2

1

n/a

n/a

n/a

n/a

n/a

n/a

n/a

n/a

Note. p < 0.01*
.
Data was averaged per participant to account for reapeated measures before correlations were run.
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Table 2.3
Descriptive statistics of difference scores
Sleep start time (minutes)
N
M
Sadeh Infant - Parent report 76 8.3
Sadeh Infant - Nanit
88 0.76
Sadeh Infant - Sadeh
96 -11.7

SD
35.4
34.5
23.4

Range
-87 - 198
-138 - 87
-119 - 2

Morning wake time (minutes)
N
75
81
96

M
-13.4
-14.1
20.1

SD
37.3
40.4
33.5

Range
-150 - 107
-163 - 74
-26 - 147

Wake episodes
N M
60 5.5
79 1.2
96 -0.3

SD
2.8
3.9
4.4

Range
0 - 12
-9 - 8
-16 - 11

deviations of the mean difference; however, there is a bias of slightly more than 1 wake episode
as Sadeh Infant consistently reports more.
Nanit-reported sleep efficiency differed from Sadeh Infant by an average of 3.9
percentage points (SD = 11.15%). Figure 2.6B displays the Bland-Altman plot for sleep
efficiency. All but 7 data points (8.64%) fall within two standard deviations of the mean and
there is more variability in lower sleep efficiency scores.
Sadeh Infant consistently estimated longer sleep durations (M = 49.8 minutes, SD =
75.68). Figure 2.6C displays the Bland-Altman plot for sleep duration. All but 2 of the 79 points
(3.7% of the data) fall within the limits of agreement.
Sleep measurement across development
To quantify the shape of Infant 4’s individual trajectory, age was entered as a predictor in
a nonlinear regression for wake episodes and sleep duration as reported by each measurement
technique. As expected, age was a significant predictor, across sleep variables and techniques.
However, the shape of the best-fitting regression line varied by sleep variable and measurement
technique, as displayed in Figures 2.7 and 2.8. Sadeh Infant and Nanit depicted a linear
relationship in which wake episodes decreased with age, F(1, 19) = 6.30, p < .05, R2 = .25 and
F(1, 19) = 12.95, p < .01, R2 = .41, respectively (see Figure 2.7). In contrast, parent report data
were quadratic, F(2, 18) = 6.81, p < .01, R2 = .43, and Sadeh cubic, F(3, 17) = 4.54, p < .05, R2 =
.45.
The association between sleep duration and age was also linear within Nanit data, F(1,
23) = 5.05, p < .05, R2 = .18), displaying an increase in sleep duration over time, but sleep
duration was quadratic as measured by Sadeh Infant, F(2, 22) = 7.25, p < .01, R2 = .39, and

21

Sadeh, F(2, 22) = 8.28, p < .01, R2 = .43 (see Figure 2.8). Parent report was not included in this
comparison.

Figure 2.3
Bar Graphs of Sleep Onset Time Difference Scores across Sleep Measurement Techniques

Note. Sadeh Infant (actigraphy) was used as a baseline and other measurement techniques were
subtracted including (A) parent report, (B) Nanit, and (C) Sadeh. Error bars are 95% confidence
intervals. Positive difference scores reflect instances in which the baseline (Sadeh Infant)
estimated later sleep start times. Negative difference scores indicate the opposite
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Figure 2.4
Bar Graphs of Morning Wake Time Difference Scores across Sleep Measurement Techniques
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Note. Sadeh Infant (actigraphy) was used as a baseline and other measurement techniques were subtracted including (A) parent report,
(B) Nanit, and (C) Sadeh. Error bars are 95% confidence intervals. Positive difference scores reflect instances in which the baseline
(Sadeh Infant) estimated later morning wake time. Negative difference scores indicate the opposite.

Figure 2.5
Bar Graphs of Wake Episode Difference Scores across Sleep Measurement Techniques
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Note. Sadeh Infant (actigraphy) was used as a baseline and other measurement techniques were subtracted including (A) parent report,
(B) Nanit, and (C) Sadeh. Error bars are 95% confidence intervals. Subjects 5, 7, 8 and 9 had no parent report data on wake episodes.
Positive difference scores reflect instances in which the baseline (Sadeh Infant) estimated more wake episodes. Negative difference
scores indicate the opposite.

Figure 2.6
Bland-Altman Plots of (A) the Number of Wake Episodes, (B) Sleep Efficiency, and (C) Sleep Duration.
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Note. The Y axis displays difference scores, and the X axis displays the average between Nanit and actigraphy. The solid line indicates
the mean, and the dotted lines indicated the 95% limits of agreement at two standard deviations around the mean (Myles & Cui, 2007).

Figure 2.7
Scatter Plot and Regression of Infant 4’s Wake Episodes by Age per Technique
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Figure 2.8
Scatter Plot and Regression of Infant 4’s Sleep Duration by Age per Technique

Note. Regressions were conducted on multiple data sets, corresponding to each
measurement technique and testing the fit of a linear, quadratic, and cubic curve.

27

Discussion
The aim of this study was to weigh the impact of researcher choices on studying infant
sleep, including the extent to which three sleep measurement techniques—parent report,
actigraphy, and an automated videosomnography system, Nanit—converge across five outcome
measures. To do this, we studied sleep in 9 infants using all three measures longitudinally and
simultaneously. We also incorporated multiple coding procedures by analyzing actigraphy with
both the Sadeh Infant and Sadeh algorithms. Overall, the measures described similar patterns of
infant sleep and were significantly correlated in estimates of sleep timing.
Parents generally reported earlier sleep start times and later morning wake times, as well
as many fewer wake episodes. The latter result supports other researching findings that as infants
get older, they require less parental intervention at night (Sadeh, 2015). Additionally, some
parents appeared to be more accurate than others. As displayed in Figures 2.2-2.4, difference
scores were lower for Infant 2 and Infant 4, possibly demonstrating the confounding impact of
parental characteristics on data collection, such as level of education, number of other children to
care for, light vs. deep sleepers, etc. Alternatively, discrepancies may reflect a problem with
construct validity; subjective measures capture parents’ perception of infant sleep which may
differ from their actual sleep patterns. For example, research focused on parental perceptions
around sleep found that while infants’ sleep behavior explained about a quarter of the variance in
maternal perception of their sleep, the addition of other factors such as infant temperament,
maternal daytime functioning, and maternal sleep quality almost doubled the explained variance
(Loutzenhiser et al., 2011). Both aspects are important, but they should be clarified based on the
design.
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Nanit reported data that skewed similarly to parent report with earlier sleep start times
and later morning wake. Nanit consistently estimated more wake episodes than parents, but not
as many as actigraphy. In the Bland-Altman plots, difference scores were centered around 2
instead of 0. Nevertheless, ninety five percent of the differences fell within the limits of
agreement, supporting the use of either method. Sleep efficiency scores differed by a small
margin in the higher scores with greater variability in lower scores. This may be due to a ceiling
effect—the maximum score was 100% and the majority scored between 90 and 95%. Regardless,
because more than 5% of the data fell outside the limits of agreement, Nanit and actigraphy
cannot be confirmed as equivalent in the way they measure sleep efficiency. Actigraphy reported
higher sleep efficiency and longer sleep durations than Nanit. Most of the sleep duration
difference scores, 66 of 69 cases, were contained within the limits of agreement, supporting
consistency between measures on this construct.
Greater variability in Nanit parameters were driven by a handful of distinct evenings,
despite the removal of obvious outliers. Noisy data present an added layer of potential
measurement error. Sleep trajectories typically fluctuate as a result of the interaction between
sleep and other developmental domains, as opposed to outliers or measurement error. It is
important not to conflate the two particularly when studying infant sleep. Figures 2.7 and 2.8
display the different developmental trajectories displayed by each measurement technique. Nanit
may better capture subtle but real changes in sleep parameters by using video to capture
movement from the entire infant as opposed to a single limb as in actigraphy.
Researcher choices
Our findings can also speak to the advantages and disadvantages of design and
measurement choices. For the first design choice, sleep variables of interest, the inclusion of both
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sleep schedule and quality are recommended for a more encompassing (and accurate) depiction
of infant sleep. When planning to incorporate sleep parameters into the analyses (as a predictor
or outcome), an additional consideration is raised: the impact of variable type on the data
analysis. This issue arose in our final set of analyses with only wake episodes and sleep duration.
Time variables are difficult to incorporate and interpret because of the unit conversions
(HH:MM:SS to minutes). Sleep efficiency is an already transformed variable (as a percentage).
The effect of the second design choice, frequency of sleep measurement, was
demonstrated as we prepared the data for analysis. Several outliers had to be removed for a
variety of reasons, but we retained a good sample of nightly data. If removing outliers is not an
option, researchers may average the data instead, but central tendency manipulations have their
own ripple effects. These effects are particularly salient for researchers who rely on night-tonight variability within the range of normal development. Faced with limited resources,
researchers need to make informed decisions about how to allocate efforts or cut costly measures
that do not add value. While multiple nights are recommended to control for outliers, each
research question will have a unique perspective for weighing the benefit of improved accuracy
with the cost of time, effort, and funds.
Our results provide several insights regarding choices of measurement as well. First, and
consistent with previous research, objective measures were more sensitive in discriminating
sleep from wake. For the second, direct versus indirect techniques, we can compare our results to
that of Camerota et al (2018), who assessed infant sleep using parent report, actigraphy, and,
most importantly, manually coded videosomnography. They found actigraphy, as compared to
the videosomnography, estimated significantly earlier sleep start times, more night wakings, and
more time spent awake. While it is important to note that their actigraphy data was not analyzed
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with either Sadeh algorithm, the trend of miscoding active sleep as wake may be a byproduct of
indirect methods more broadly that holds true for our data as well.
The third measurement choice, coding procedure, was considered in our comparison of
actigraphy algorithms. Sensitivity to movement is the key differential feature between the Sadeh
Infant and Sadeh. As the central nervous system develops over the first year, infants move less
during their sleep (Anders & Keener, 1985). Therefore, a developmentally attuned algorithm
should increase its specificity and more readily classify movements as wake with age. Congruent
with this, the Sadeh algorithm consistently scored more minutes as wake while the Sadeh Infant
was more tolerant of movement and scored more minutes as sleep. A final consideration is that
the Sadeh algorithms can be specified—as we did here—to control for aspects such as timing.
The Nanit algorithm, on the other hand, is out of the researchers’ control.
In addition to accuracy, research methods should also be considered in terms of the
amount and fidelity of data collected. Nanit provides more data about the sleep environment
including parent interventions and full videos of infant nighttime sleep. For longitudinal data
collections in particular, Nanit was the preferred option because fewer data points were lost to
human error. On several occasions, for example, parents forgot to place the actigraph around the
infant’s ankle, causing researchers to extend the data collection period. As long as Nanit was
plugged in and connected to Wi-Fi, data was recorded. However, it cannot account for instances
in which infants are taken out of the crib and should be validated against a full PSG.
Limitations
The current study is primarily limited by its sample size. The use of only nine participants
allowed the researcher to examine individual patterns of results longitudinally across the first
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year of life. However, increasing the sample size would improve normality and permit more
elaborate statistical analysis. Additionally, the sample is homogenous.
A second limitation is that the true value for all sleep parameters was unknown.
Electroencephalogram (EEG) data is the gold standard to distinguish between sleep and wake
states. Because both actigraphy and Nanit rely on behavioral aspects of sleep (movement), they
risk misidentifying quiet wakefulness as sleep or active sleep as wake. To account for this,
averages of both objective measures were used as the “true” value in accordance with the BlandAltman method, but a comparison to EEG would have been more precise.
Future directions
Technological advances in sleep measurement technologies are paramount in moving the
field forward. Easier data collection procedures promote fidelity and can support longitudinally
following infants as they progress through the most significant period of sleep development.
Importantly, all the described methods have their place in research design and contribute to our
knowledge in unique ways. Future work plans to capitalize on these measurement-specific
perspectives. One way of doing so is by polling parent perceptions and attitudes about infant
sleep and relating their responses to subjective reports of infant sleep schedules.
Another future line of work will be to use Nanit’s nightly video recordings to deepen our
understanding of motor behavior during sleep. While our modality differed across techniques—
accelerometer vs video, both were purportedly measuring the same thing—movement—which
makes the discrepancies between them more puzzling. A more specific inquiry using video to
examine the kinds of movements that infants are making during sleep could shed light on the
reason for this (DeMasi, Berger, Horger, & Allia, 2020).
Conclusions
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Sleep is frequently included in investigations of development, both as an outcome and
predictor variable. However, a critical examination of the design for studying this phenomenon is
often lacking in interdisciplinary work, outside the field of sleep medicine. We compared
researcher choices using 3 concurrent sleep measurement techniques: parent-report, actigraphy,
and Nanit. Based on the Bland-Altman analysis, actigraphy and Nanit could be used
interchangeably for 2 out of 3 outcome measures. Despite this, and perhaps most importantly, the
measures were not consistent in their portrayal of developmental change, with each measure
producing a different relationship between sleep and age, from linear to quadratic. In the
developmental literature, researchers have raised critiques about sampling choices and argue that
current theories of development may not accurately depict developmental change (Adolph &
Robinson, 2011; Adolph et al., 2008). Researchers must further consider not only how often
sampling must occur, but also the tools used to do so. Small errors in sampling may be
compounded with error introduced by less-than-perfect measurement tools.
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CHAPTER THREE
Nightly sleep and milestone acquisition
The choices that we make as researchers shape our conclusions. In the previous chapter, I
discussed how these choices play out while studying sleep. However, the sentiment is not
exclusive to this domain. Researcher choices shape our understanding of development more
broadly. In this chapter, I will highlight some of the researcher choices around studying motor
development and skill acquisition. Then, I will take it a step further, producing an
interdisciplinary investigation of sleep and motor development.
Documenting motor development
Our understanding of how motor skills develop is inextricably linked to the frequency of
data collection (Adolph et al., 2008). When reliant on group comparisons, motor development
can become disguised as a stage theory, delineated into sitters, crawlers, cruisers, and walkers.
Intensive longitudinal observations prove otherwise though; daily data collection is necessary to
ensure individual differences and variability are not masked (Berger & Moore, 2018). In a
longitudinal data set that included daily checklists for 11 infants’ motor skills, researchers found
only 15% were a ‘single transition’ or occurred persistently from onset onward (Adolph et al.,
2008). For example, a single transition to pulling to stand occurred if infants displayed the skill
every day after onset; in other instances, infants practiced pulling to stand one day, but not the
next. When the Adolph and colleagues (2008) manipulated the sampling procedure and used
only the data that would come from weekly or monthly data collections, the rate of single
transitions increased to 50% and 90%, respectively, effectively masking the more fine-tuned
variability.
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Expertise in a given posture is acquired over time. For example, infants compared crosssectionally from 4-24-months improved in accuracy of reaching for and grasping a vertical rod
(Karl & Whishaw, 2014). Behavioral observations like latency to touch the rod or grasping errors
(e.g., missing the rod) display the developmental trajectory, but precise kinematic sensors on the
arm, wrist, hand, and fingers can quantify changes in velocity and orientation of a reach and
grasp behavior with more precision than traditional video coding. Adding this measure displayed
that by 9-months, infants were adjusting the angle of their hand, effectively planning for the
subsequent grasp, before making contact with the rod and were comparable to adult performance
by age 2 (Karl & Whishaw, 2014). Kinematic indicators of mature independent walking are
narrower and longer steps; these were strongly, but not perfectly, correlated with age and age at
walk onset (first day the infant could walk more than 10 ft across a room) in an assessment of
11-20-month-olds (Adolph et al., 2012).
From day-to-day, infants’ level of expertise with a motor skill is inversely related to the
attentional resources required to perform the skill (Berger, Harbourne, & Horger, 2018).
Consider sitting and reaching as an example. Infants first sit upright and must support themselves
with their hands. As they gain control of their trunk muscles, they free up their hands and soon
begin reaching for objects in their vicinity. These 2 behaviors unfold together, and, with practice,
infants soon display the same pre-emptive postural control of the trunk muscles previously
described in reaching and grasping (Harbourne et al., 2013). One in-depth study compared nonsitters, near sitters, new sitters, and expert sitters in their ability to process faces holistically.
Results captured a U-shaped pattern in which near and new sitters struggled most with the task.
Authors posit that this was because sitting required so many attentional resources for infants who
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were just beginning to acquire the skill. Once it became automatized, more attentional resources
were available again (Cashon et al., 2013).
Paradigms studying motor development and sleep
Those who study motor development were the first to document the disruptions to infant
sleep around the acquisition of new milestones, but the patterns were not always consistent
(Scher & Cohen, 2015; Scher & Ratson, 1998). When crawlers and non-crawlers were
compared, crawlers had more parent-reported nighttime wake episodes and shorter sleep
duration, even after controlling for age (Keller, 2010; Scher & Cohen, 2005). Interestingly, the
impact of crawling on sleep was more pronounced in infants who learned to do so later (7-8
months) as compared to earlier (5-6 months) (Scher & Cohen, 2005). Similar sleep disruptions
were seen around the milestone of pulling to stand (PTS) (Keller, 2010).
Longitudinal data allow for more specificity and an understanding of within-individual
change. Infants (from 6-12 months) wore an actigraph to objectively record their nighttime sleep
approximately once a month while parents noted their motor skill progress. Nighttime sleep
(wake episodes and sleep efficiency) before, of, and after onset of PTS were compared and no
statistical differences found. However, authors noted two patterns of skill acquisition: early and
late. When this factor was added to the analysis, later learners displayed the developmentally
anticipated linear improvement in sleep quality, but early learners showed a disruption at onset
(Atun-Einy & Scher, 2016).
The unique influence of both skill onset and the developmental timing of this transition
have been replicated in research with independent walking. In one sample of infants, pre-walkers
were compared to early and late learners; early walkers had significantly more night wakings
than infants who had not yet taken their first steps (Scher, 1996). Additional work compared
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infants who were novice and experienced cruisers and walkers. After controlling for age, nightly
sleep duration increased linearly from its lowest point – experienced cruisers -- until they were
experienced walkers (Keller, 2010).
There are two flaws of the work to date. One is a reliance on group comparisons. Doing
so can mask the process of skill acquisition and the more immediate interaction between this and
sleep. The second is the use of a variety of specifications to operationalize motor development.
To be classified as crawlers, some required only that infants could propel themselves forward, be
it on their abdomen or on hands-and-knees (Scher & Cohen, 2005), while others incorporated
distance or experience thresholds such as the ability to crawl a distance of at least twice the
infant’s body length and to have been able to do so for at least one week (Keller, 2010).
Definitions of walking varied as well and included 3 steps or more at a time (Keller, 2010) or a
delineation into the ability to walk more or less than 10 ft (Berger & Moore, 2018). The
inconsistency in methods suggests the boundaries of a skill are arbitrarily defined and prompts a
shift in focus to how infants go about reaching that predetermined classification criteria.
A more comprehensive experimental design is necessary to capture both the within and
between subject differences (Curran & Bauer, 2011). For example, Berger & Moore (2018)
studied multiple milestones longitudinally in a small sample of infants and found that while a
few milestones produced significant changes to sleep in all infants (e.g., sitting while propped
with hands), most were not as uniform (e.g., pulling to stand or walking). Additionally, infants
varied in whether they first practiced a skill on and off for several days or whether they
consistently displayed it from that point forward which further attenuated the impact of skill
onset on sleep (Berger & Moore, 2018). These results underscore the nuanced process through
which infants acquire a new skill, bolstering the need to move beyond group comparisons.
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Current study
The current study aimed to replicate and extend previous research on the relationship
between motor development and sleep, utilizing intensive sampling techniques and advances in
sleep measurement technology (Berger & Moore, 2018). Parents were given Nanit video baby
monitors before their infant turned 6-months-old. As discussed in the previous chapter, Nanit is a
reliable and valid form of sleep measurement compared to actigraphy. The addition of an
objective measure of sleep promotes accuracy and lessens the burden on parents as they are
responsible for daily documentation of their infant’s motor skill progress.
Five motor milestones were highlighted for investigation: sitting, pulling to stand (PTS),
hands-and-knees crawling, cruising, and walking. All except PTS were further qualified to
capture changes in proficiency, as shown in Table 3.1. Milestones with varying levels of
difficulty were chosen to better understand how infants build expertise with a motor skill as well
as to replicate some features of the previously reported literature including infants with a range
of expertise (Keller, 2010). Precise measures of skill acquisition in conjunction with continuous
data collection allowed for an estimate of the immediate, night-to-night impact of motor learning
on sleep which was lacking in the previous literature.
Table 3.1
List of motor skills and experience levels
Motor skill
Sitting
Pulling to stand

Experience levels
Sits while supported on hands Sits without hands for support
n/a

n/a

Hands-and-knees
crawling

Crawls less than 10 ft

Crawls more than 10 ft

Cruising

Cruises less than 3 steps

Cruises more than 3 steps

Walking

Walks less than 10 ft

Walks more than 10 ft
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Method
Participants
Most of the participants in this study was from the previously reported sample in Chapter
2. A full description of their demographics can be found in Table 3.2. Participation intervals
ranged from 6 – 12 months. The study was approved by the Institutional Review Board of the
College of Staten Island. At the onset of the study, caregivers provided written consent to
participate.
Procedure
Nanit cameras were installed in families’ homes and a research assistant met with parents
to walk them through the set up as well as describe the motor milestone diaries. Milestone diaries
were adapted from previous research paradigms (Adolph et al., 2008; Berger & Moore, 2018).
An example can be seen in Figure 3.1. Each day, parents marked whether their infant displayed
any of the 9 total milestones. Specific behavioral definitions of each milestone were included for
parents to reference. Families continued to participate until their infants was able to walk more
than 10 feet independently. At the end of this period, if the cameras were loaned from the lab,
research assistants picked up the cameras and parents were given a small thank you gift for
participating.
Sleep measurement
The video baby monitor system, NanitTM, was used to record nightly videos and produce
sleep summary statistics. Nanit uses a proprietary computer vision algorithm to detect pixel
change and infer infant movement. Videos are processed with the algorithm to produce nightly
sleep variables including sleep start time, number of wake episodes, total minutes spent asleep
and awake, sleep onset latency, sleep efficiency, and sleep end time
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Table 3. 2
Participant information
Infant

Sex Race/Ethnicity

B

M

C
D
E

M
F
F

Black, Asain/Pacific
Islander, White
White
White
Jewish
Black, Asain/Pacific
Islander, White
White
Jewish
White

Age at start
(in months)

Total nights
of Nanit Sits with
Sits
data
hands without

Milestones
Pulls to Crawls < Crawls > Cruises < 3 Cruises > 3 Walks < Walks >
stand
10 ft
10 ft
steps with 2 steps with 2
10 ft
10 ft

7.39

110 (88%)

-

-

+

+

+

+

+

+

+

8.18
2.92
7.69

139 (84.7%)
290 (92.9%)
51 (55.4%)

+
+

+
+

+
+
+

+
+
+

+
+
-

+
+
-

+
+
-

+
+
-

+
+
-

+
+
+

+
+
+
+

+
+
…

+
+
…

+
+
…

+
+
…

+
+
+
…

+
+
+
…

G
F
2.39
311 (79.7%)
+
H
4.3
184 (78.6%)
+
M
I
M
0.82
201 (72.5%)
J
F
5.02
106 (69.2%)
Note. "-" = missing data, "+" = data for that milestone, "…" = aging in
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Figure 3.1

Figure 3.2

Example motor milestone diary

Nanit camera
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Data analysis plan
Time series analyses are uniquely equipped to accept longitudinal, intensively sampled
data. Originating in the realm of economics, time series analyses predict future values or
behavior from past values. Simple moving averages of varying orders (2, 7, and 14 nights) were
employed to capture the overarching shape of sleep development.
To quantify the impact of motor skill acquisition on infant sleep, time series regression
models were conducted on total sleep time, sleep onset latency, sleep efficiency, and number of
wake episodes. Age was entered as the first predictor. Dummy coded variables were created to
indicate the timing relative to onset as well as if it was the initial onset of a skill or the more
expert onset. A random error term was introduced to account for the within-subjects design.
Results
Outliers
Outliers were identified using box and whisker plots for each sleep variable. Based on
these plots, the cutoffs were outliers with wake episodes greater than 12, total sleep time less
than 20,000 seconds (5.5 hours), sleep efficiency less than 0.65, and sleep onset latency greater
than 120 minutes. Infant sleep is notably variable and the cutoffs for sleep onset latency and
sleep efficiency were made more lenient (closer to 3 SD above/below the mean).
Data smoothing and variability
Figure 3.3 comprises the individual trajectory of each participant on a single sleep
outcome variable – wake episodes. Figure 3.4 displays aggregated infant sleep data, smoothed
with varying moving averages of 2, 7, and 14 nights of data from when they were 34 until 416
days old.
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Figure 3.3
Example of each infants’ developmental trajectory in number of wake episodes
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Figure 3.4
Time series sleep data smoothed over 2-, 7-, and 14-night averages
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Time series regression models
Timing around milestone onset. Models predicting total sleep time (R2 = 0.107, F(8,
1368) = 20.44, p < .0001), sleep efficiency (R2 = 0.089, F(8, 1341) = 16.36, p < .0001), and wake
episodes (R2 = 0.19, F(8, 1343) = 40.8, p < .0001) were significant, although age was the only
individual predictor to be. Sleep onset latency was marginally related to the night after skill onset
(p = 0.07); however, the model on a whole was not significant (R2 = 0.013, F(8, 610) = 1.07, p
=.38). All regression coefficients are presented in Table 3.2. They reflect an additive influence
on the slope of the dependent variable (sleep) due to the binary coding.
Onset of new vs. advanced skills. Four time series regressions were run on each sleep
variable in the secondary analysis. Again, age was entered into the equation first. Then, centered
scores for both the initial and expert milestone were included. Milestones were analyzed
separately due to collinearity from the centering. All skills were significant (See Table 3.3) for
models on total sleep time, sleep efficiency, and number of wake episodes. Their respective
regression coefficients are presented in Table 3.4. Residuals produced by the model on sleep
onset latency were significantly skewed and this outcome was excluded from further analysis.
Conclusions
In investigating the longitudinal relationship between sleep and motor development, I had
two aims: to understand how the timing around milestone acquisition related to infant sleep and
to investigate whether the impact of the initial and more expert skills on sleep was equivalent. In
regard to the first, timing altered the predicted sleep variables in both positive and negative ways.
In Table 3.2, the intercept served as our starting value and the coefficient for age reflected
developmental change over time. These coefficients all map onto anticipated changes – more
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Table 3.3
Regression results for timing around milestone onset
Total Sleep
Time  (in
seconds)

Sleep
efficiency  

Sleep Onset
Latency (in
seconds)

Wake
episodes

31,492.88

0.842

25.24

6.7

19.54**

0.0002**

-0.01

-0.013***

Onset – 3  

-1235.66

0.0045

1.11

-0.46

Onset - 2
Onset - 1
Night of onset
Onset + 1   
Onset + 2
Onset + 3  

-54.99
419.77
-214.62
-21.6
447.87
772.81

0.0013
0.013
0.005
-0.0009
0.004
0.008

8.65
-5.88
5.5
13.94
-4.35
7.94

0.17
-0.27
-0.35
-0.07
-0.37
-0.11

Intercept
Age

Timing

Table 3.4
Regression equations with centered milestone onsets and skill comparisons
Total Sleep Time
(in seconds)

Sleep efficiency  

Wake episodes

Sits

R 2 = 0.3, F (3, 825) = 118.1, p R 2 = 0.29, F (3, 810) = 113.8, p R 2 = 0.44, F (3, 804) = 214.5, p
< 0.0001)
< 0.0001
< 0.0001

Cruises

2
2
2
R = 0.34, F (3, 842) =92.93, p R = 0.37, F (3, 827) = 162.2, p R = 0.43, F (3, 819) = 207.1, p
< 0.0001
< 0.0001
< 0.0001

Crawls

R = 0.25, F (3, 1024) = 114.8, R = 0.35, F (3, 1008) = 179.5, R = 0.403, F (3, 1003) =
226.1, p < 0.0001
p < 0.0001)
p < 0.0001)

Walks

R 2 = 0.2, F (3, 1217) =106.6 ,
p < 0.0001

2

2

2

R 2 = 0.23, F (3, 1191) = 124.7, R 2 = 0.31, F (3, 1192) = 117.9,
p < 0.0001
p < 0.0001
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Table 3.5
Regression coefficients for age, initial skill, and expert skill onsets

Sits

Cruises

Crawls

Walks

Total Sleep
Time (in
seconds)

Sleep
efficiency  

Sleep Onset
Latency (in
seconds)

Wake
episodes

Intercept

44568.74***

1.63***

-244.55***

-19.92***

Age

-52.63**

-0.004***

1.62***

0.15***

With hands

76.31

-7.96***

-0.78***

Without hands
Intercept
Age
Less than 3 steps

-3.27
64367.37***
-100***
168.01***

0.023***
-0.018***
1.6***
-0.0026***
0.004***

6.22***
3.6
0.049
1.33**

0.61***
-4.86**
0.03***
-0.1***

More than 3 steps

-51.79***

-0.001***

-1.46***

0.05***

Intercept
Age
Less than 10 ft
More than 10 ft
Intercept
Age
Less than 10 ft

78097.67***
-164.07***
121.22***
63.83***
30343.63***
27.6***
-126.96*

0.24***
0.0027***
-0.0047***
0.0022***
1.01***
-0.0003***
0.0014**

161.33**
-0.58**
1.4***
-0.83***
1582.72***
-4.65***
2.66***

28.15***
-0.1***
0.13***
-0.05***
3.36***
0.0006
-0.05***

More than 10 ft

122.18***

-0.0008*

1.92***

0.036***

mature sleepers should sleep for longer with higher sleep efficiency, fewer wake episodes, and
shorter sleep onset latency. Coefficients for the nights around onset were the additional changes
to sleep on those specific nights. For example, based on the model, infants were predicted to
have a sleep onset latency (SOL) of about 1 minute. Infants’ latency was expected to decrease
about 1 tenth of a second each day. However, if it were the night before motor skill onset, SOL
would be expected to decrease to 52 seconds. If it were the night after, SOL was expected to
increase to about a minute and 13 seconds.
Despite model significance, one reason why the dummy variables may not have reached
statistical significance was because they are single point events and do not have as much
explanatory power as age for predicting sleep across development. That being said, regression
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coefficients variables told us a great deal about what to expect from night to night. For example,
sleep improved the night before milestone onset across all outcomes. The night of onset
contained the shortest sleep period, but also fewer wake episodes. The night after contained the
longest sleep onset latency and worst sleep efficiency. When comparing the acquisition of new
skills to more advanced skills, the former appeared to be more disruptive.
For our second aim, the onset of initial and more expert skills did not produce equivalent
patterns within or across milestones, as seen in Tables 3.3 and 3.4. In these analyses, the timing
of skill acquisition was centered to more accurately account for experience. All time before
acquiring the milestone is negative and time after is positive; the milestone itself is 0. The
coefficient is multiplied by the time value and the product is added to the predictive equation.
For example, total sleep time is expected to decrease before onset and increase after around
sitting with hands and crawlers at both skill levels. The pattern is reversed, though to a lesser
extent, around sitting without hands and cruising. When comparing the amount of variance
explained by each milestone, wake episodes and sleep efficiency were the most robustly
affected. Impact also seemed to taper with time.
Previous research focused almost entirely on comparisons of group differences to
understand the relationship between infant sleep and motor development. In one exception,
infants studied longitudinally showed an increase in night wakings around learning to sit while
using hands for support, crawling less than and more than 10 ft, and pulling to stand (Berger &
Moore, 2018). Interestingly, in our first set of analyses, an increase in night wakings was only
predicted for 2 nights before onset as indicated by the positive coefficient (Table 3.3). However,
in our second set, models on wake episodes explained the most overall variance, seen in the
larger R2 values (Table 3.4). Around sitting, cruising, and walking, infants showed more wake
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episodes before learning the initial skill followed by a decrease after and the reverse when they
learned the expert skill.
Our results generally bolster the conclusions derived from group comparisons across
milestones. Scher & Cohen (2005) found that crawlers displayed more wakes and shorter sleep
durations than non-crawlers. Our findings support this and can add specificity. Based on the first
analyses, the days after onset appear to have the most negative impact on wake episodes. The
second set adds that this negative impact is stronger after the onset of first crawling less than 10
feet. Pulling-to-stand (PTS) was studied in previous work using 2 nights of actigraphy sampled
every 3-4 weeks (Atun-Einy & Scher, 2016). These researchers did not find differences before,
on, and after onset until the sample was divided into early and late learners. However, our results
suggest that the sampling interval was too wide to catch the impact of milestone acquisition, as
we found differences on a night-by-night basis. This variability was not noted in a study of
bipedal locomotion in which total sleep time increased linearly from experienced cruiser through
walker (Keller, 2010). Our experienced cruisers (more than 3 steps) also displayed an increase in
total sleep time, but this decreased around initial walking, only to improve again at the more
expert walk milestone. When the wake episodes of walkers and pre-walkers were compared, the
former exhibited more (Scher, 1996), which fits with our pattern of more predicted wake
episodes in the nights following acquisition. Interestingly, only the expert walk milestone (more
than 10 feet) also adhered to this pattern.
Although this work documents that sleep fluctuates around motor skill onset, it does not
yet address the why. The day-to-day experiences of practicing and honing a novel skill are
complex. Sleep is integral to long-term potentiation in which these new sensory-motor pathways
are refined (Blumberg et al., 2013). Models on number of wake episodes consistently reported
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the highest R2 values, suggesting this aspect of sleep is most impacted. Wake is a natural part of
the ultradian sleep cycle, and one possible functional role of sleep is related to sleep states—
REM and nonREM. Infants show a preponderance of REM as compared to later in development
and a wake episode is more likely to follow REM than nonREM (Cao et al., 2020). Additionally,
infants’ limb movements increase around milestone acquisition and this could wake them in the
night (DeMasi et al., 2019).
The limitations of this study temper the extent to which the conclusions can be
generalized. The sample is both small and homogenous, reflecting a particular (Western) context
for parenting and sleep. The work was exploratory in nature and attempted to incorporate
naturally occurring variability as a strength of the data. Few statistical techniques are capable of
this in addition to accommodating an intensive longitudinal dataset across only a handful of
participants. The analysis used here is a building block for the more comprehensive statistical
models necessary to adequately capture change in developmental research.
In conclusion, disruptions to sleep were not uniform. They varied based on individual
characteristics (age and milestone timing) as well as metric (e.g., total sleep time vs. wake
episodes). It is not yet clear exactly what mechanism underlies the observed changes, but one
strong candidate is the ultradian cycle. Both REM and NREM have been linked to learning and
developmental outcomes (Ednick et al., 2009). Additional research is necessary and should
incorporate intensive sampling to capture immediate fluctuations that could underlie the patterns
displayed here.
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CHAPTER FOUR
Sleep states and motor development
The previous chapter and much of the literature summarized to this point focused on the
macrostructure of sleep (e.g., total sleep time, number of wake episodes, and sleep efficiency),
but there is another cycle occurring beyond the sleep and wake. Alternating patterns of sleep
states – rapid eye movement (REM) and NREM – comprise the ultradian cycle, as displayed in
Figure 4.1 (Gilad & Shapiro, 2020). In addition to distinct neural features, REM and NREM
have other behavioral and physiological differences. REM sleep is distinguished by eye
movements, muscular twitching, and more variable cardiorespiratory rates (Blumberg et al.,
2020; Grigg-Damberger, 2007). As with the macrostructure of sleep, there is a developmental
progression to the ultradian cycle. Neonates spend half their total sleep time in REM with
premature infants reaching up to two thirds (Blumberg, Dooley, & Sokoloff, 2019). This
proportion declines continuously with age until reaching adult levels of 20-30% (Sheldon, 2014).
Research into the functional role of sleep states typically falls into one of 2 categories.
First are paradigms that seek to understand the developmental function of sleep states, such as
why there is such a large portion of REM early in life (e.g., Blumberg et al., 2020; Cao et al.,
2020). The second are interested in the immediate impact of sleep states (though this does not
preclude a state’s role changing across developmental time), including how REM or NREM
consolidate information learned previously that day (e.g., Seehagen, Konrad, Herbert, &
Schneider, 2015). The following sections outline how both have furthered our understanding of
the role of the ultradian cycle in development. Subsequently, I consider how this information can
be integrated to generate more cohesive conclusions and investigate infants’ ultradian cycle and
motor skill onset as a specific example.
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Developmental role of sleep states
In-depth experimental research on the developmental role of sleep states, particularly
early in life, is relegated to animal models. Rat pups and kittens are the most common
participants both for ease of access and because they are altricial – born immature (e.g., as
compared to horses who can run just hours after birth). The latter is of key importance; only
altricial mammals show the same sleep trajectory of a significant decrease in REM early in life
as human infants (Blumberg et al., 2020). Deprivation studies selectively inhibit (via behavioral
or pharmaceutical intervention) specific sleep states. Early research, using a behavioral
intervention displayed the negative impact of REM deprivation on kittens’ visual systems
(Oksenberg et al., 1996). After experiencing a week of monocular deprivation (consistent lack of
visual input from one eye) starting on postnatal day 34, some kittens were deprived of REM
while monocular deprivation continued for 7 more days. These kittens had significantly smaller
cells in the ipsilateral visual cortex than those experiencing partial-visual deprivation alone,
suggesting that REM is critical to the neural development of the visual system. It is important to
note that calculating cell size required researchers to euthanize the kittens for dissection
(Oksenberg et al., 1996). Previous research has confirmed that the critical period for the visual
system in cats does not end until approximately 1 year (Daw, Fox, Sato, & Czepita, 1992). As
such, it is interesting to consider these results in conjunction with those of Shaffery and
colleagues (2002) who worked with rats. When REM was depressed for 7-10 days starting on
postnatal day 28, the visual cortex of rats actually remained more immature and plastic, as
indexed by greater variability in neural firing (recorded via implanted EEG). The authors
suggested a role for REM in instigating a developmental transition (Shaffery et al., 2002).
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A parallel relationship between REM sleep and the visual system has been proposed in
human infants. For example, neonates show more robust retinal responses, or changes in pupil
diameter, during active sleep than quiet sleep. Many have gone on to suggest that the role for
sleep in development extends beyond one system to include the entirety of the sensory-motor, or
central nervous, system (Peirano et al., 2003). Additional research on the muscular twitching, a
behavioral marker of REM, used motion analyses on rat pups’ shoulders, elbows, and wrists and
found that the movements were coordinated. In fact, when researchers duplicated these patterns
in motorically analogous robot models, it produced complex sensory-motor connections similar
to the human central nervous system (Blumberg et al., 2013). Motion analysis of napping 0-8month-old infants’ twitches found that, generally, they decreased with time and the predominant
locations of the twitches were moderated by age. Infants less than 1 month showed the most
twitching in their feet. 1–2-month-olds had the most facial twitching, while 3-4-month-olds
primarily twitched in their hands (L and R) (Sokoloff et al., 2020).
A recent review of the literature on the role of sleep states in human development
included cross sectional studies of infants to older children (up to 12 years) who had measures of
total sleep time, total REM time, and brain size (as a control). Authors found that before age 2.5,
REM was primarily tasked with neural reorganization, a central feature of sensory-motor
integration. After this point, they posited REM plays a greater role in repair and pruning of
established connections (Cao et al., 2020). Clinical work in populations with developmental
disabilities also provides evidence for the unique role of REM, in particular. An investigation
including infants diagnosed with developmental disabilities tested the association between sleep
and level of functioning and reported a significant positive correlation between percent of time
spent in REM and infants’ Development Quotient (score on a parental questionnaire on levels of
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functioning) (Shibagaki, Sawata, & Tachibana, 2004.). Among children and adolescents
diagnosed with developmental disorders, a decrease in REM was the most commonly shared
sleep feature (Harvey & Kennedy, 2002). Taken together, there appears to be a specific and
prominent developmental role for REM, while NREM is less frequently discussed. In part, this is
due to the long-term difficulty of inhibiting NREM which, in humans, requires constant
vigilance from an outside party, waiting for the indicative EEG signatures to wake them.
Comparative research instead relies on the results (and a lack of results) to guide their
understanding of the developmental role of NREM.
Immediate role of sleep states
Animal research is integral to an experimental investigation of the immediate role of
sleep states and the impact of sleep deprivation before learning a task as well as after learning.
Largely, the results run parallel and report a negative impact of total or REM sleep deprivation
on encoding and subsequent recall (Walker & Stickgold, 2006). When sleep was deprived after
learning, mice showed poorer object recognition (Palchykova et al., 2006), memory for object
locations (Prince et al. 2014), and decreased contextual fear learning (Hagewoud et al., 2011).
Interestingly, when it came to maze learning, sleep deprived mice did not consistently show a
difference in accuracy, but they did display an atypical strategy. Instead of relying on spatial
cues, they remembered the direction they turned – left or right - and had much more difficulty
learning when the placement of the reward was changed. This persisted when mice were only
deprived of REM and suggests a specific relation between sleep and hippocampally dependent
memories (Hagewoud et al., 2010; for review, see Havekes et al., 2015).
Human research relies on both experimental manipulation and correlational analyses to
understand the role of sleep states. One research study, with college students, employed several
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deprivation conditions (total sleep, REM, NREM, and second half of the night) after teaching a
motor task – the pursuit rotor task. Performance improved the least for students who experienced
deprivation for the second half of the night, followed by those who experienced total sleep
deprivation, and then those with NREM deprivation (Smith & MacNiell, 1994). Another
paradigm included only REM and slow wave sleep (SWS) deprivation while teaching a
perceptual learning task – visual texture discrimination – and found only those deprived of REM
showed no improvement at test (Karni et al., 1994). Subsequent correlational research on this
learning paradigm disputed these findings as incomplete and found significant positive
relationships with the proportion of both SWS and REM (Stickgold, James, & Hopkins, 2000).
Other paradigms studying sleep between training, or learning, and test has led to several
takeaways. SWS was positively associated with memory for word-pair associations (a form of
declarative memory) as well as spatial memory. Meanwhile, REM sleep was positively
correlated with performance on both traditional procedural tasks (e.g. finger tapping) and motor
adaptation tasks (e.g. mirror drawing) (for full reviews, see Peigneux et al., 2001, and Walker &
Stickgold, 2006).
In addition to documenting the effect of sleep on learning, researchers have noted the
reciprocal as well. For example, after learning a declarative task (remembering photographs),
adults displayed an increased proportion of NREM sleep (Takashima et al., 2006). In another
study, this time using a procedural motor learning task (pursuit rotor), NREM spindle density
increased the following night in those who were already good at the task during training while
REM spindle density increased in those who struggled with the task (Peters, Smith, & Smith,
2007). When a motor adaptation task was used as the outcome instead, the participants who
improved the most at test showed the greatest increase in slow wave activity (a neural marker of
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NREM) as compared to the night before (Huber et al., 2004). Contrary to this, participants who
learned Morse code sequences had more bouts of REM sleep the night following learning as
compared to before (Mandai et al, 1989). Together, these results suggest that the type of task as
well as task difficulty play a role in the association between learning and sleep.
Paradigms are extended to infants and toddlers by capitalizing on naturally occurring
variability and age-appropriate protocols, but the majority use daytime sleep which is
predominantly composed of NREM after approximately 3 months old. Daytime sleep is easier to
measure; babies are required to sleep in the lab, connected to an EEG, for shorter periods of time
and there is less disruption to the family schedule. Newborns who engage in polyphasic sleep
with equal proportions of each state circumvent the problem disproportionately capturing one
state over the other when measuring daytime sleep. In fact, very young infants’ memory for a
familiar face and resulting novelty preference was positively correlated with time spent in active
sleep during a daytime sleep bout (Cecchini et al., 2017). Robust results from nap studies with
older infants through to preschoolers have pinpointed the specific neural features of NREM–
sleep spindles and k complexes – that are most commonly (and positively) related to learning as
seen in visual habituation paradigms (Horváth et al., 2018) as well as word learning and
generalization (Gómez & Edgin, 2015).
To summarize the literature just reviewed, the developmental and immediate roles of the
ultradian cycle are outlined in Table 4.1. The table highlights the interactions between these
temporal domains. Day-to-day experiences are consolidated and build upon each other to fuel
developmental change; the trajectory of sleep development scaffolds this process.
Current study
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As discussed in the previous chapter, researchers have noted disruptions to sleep around
motor milestone acquisition. Among parents, this is often referred to as a “sleep regression”, but
it could be the by-product of a larger change/design. Infants (and adults) are most likely to wake
at the end of a REM period, as one cycle ends to begin another (Cao et al., 2020). Perhaps
additional time in REM is the underlying cause of the described sleep disruptions. Bolstering this
point is the research showing impaired motor development in rat pups after REM deprivation
(Knoop et al., 2020).
The present research assessed the interaction between sleep states and motor
development using videosomnography. Specifically, videos of the nights before, of, and after
skill onset were coded to capture short term fluctuations in the ultradian cycle. Patterns were
compared across three milestones – sitting, crawling, and walking – to see if they were
consistent.

Table 4.1
Characteristics of REM and NREM from the literature
REM
- Proportionally decreases with
time

NREM
-

Proportionally increases with time

- Related to many specific kinds of
- Related to neural reorganization
encoding (e.g. declarative and spatial
before 2.5 years and repair after
memories)
- Long term deprivation disrupts - Specific neural markers within
maturation and plasticity
NREM related to learning
- Increases following Morse code - Impacted most consistently after
learning
learning
- Consolidates emotional and
procedural memories
- Linked to more difficult tasks
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Method
Participants
All of the participants in this study were from the previously reported sample in Chapter
3. Of the nine milestones that were considered in the prior chapter, three milestones were chosen
for follow up investigation: sitting with hands, crawling less than 10 feet, and walking less than
10 feet. Onset was defined as the first day infants ever displayed the skill. To be considered for
this analysis, infants needed full nights of Nanit video data for at least 2 of the nights around
milestone acquisition. Infants contributed varied amounts of data, summarized in Table 4.2. The
primary cause for missing data was due to experimenter error. The videos were recorded in GMT
and the Nanit technicians were in Israel while most of our families and research assistants were
in the United States, resulting in a lot of communication about time across time zones. An
additional cause was if infants were removed from the crib and slept in another location.
Table 4.2
Video availability for each participant
Infant

Sits with hands

Crawls < 10 ft

Walks < 10 ft

on

after

before

on

after

+

+

+

+

+

+

-

+
+

+
+

+
+

+
+

+
+

-

+

+

+

+

+

+

+

+

+

+

+

+

+

+

+

-

before

on

after before

B

-

-

-

C
D

+

+

G

+

H

+

J
+
+
…
…
…
…
…
…
Note. " +" = videos available, "-" = videos unavailable, "…" = videos will be available in
the future
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Procedure
Recruitment, IRB considerations, and Nanit camera set up were described in Chapters 2
and 3. Once parents indicated that their infant achieved a milestone (while completing the
milestone diary), a research assistant requested nights of video for the period immediately before
and after milestone onset. Technicians at Nanit uploaded these videos in segments to Databrary,
an online video repository. The video segments were stitched together again in Adobe Premier
Pro. Videos were taken using an infrared camera, creating a black and white image of the crib
when the lights were extinguished, and sampled at 1 frame-per-second.
Behavioral state coding
Full nights of video before, on, and after acquisition of sitting, crawling, and walking
were coded in Datavyu (http://datavyu.org), a video-coding software. Videos were watched at 816x the normal playback speed. State coding was based on behavioral indications and durations
utilized in infant videosomnography (Anders

Table 4.3

& Keener, 1985; Grigg-Damberger, 2007;

Behavioral characteristics of each state

Lopp et al., 2017). Markers of sleep states—

REM
Closed, may
flutter with eye
movements

REM, non-REM, and wake are summarized in

Eyes

Table 4.3. Sleep was coded as indeterminant if

Twitching of the
limbs with only
Body
brief periods of
movements
inactivity (<2.5
minutes)

characteristics of multiple states were
displayed or if timing criteria were not met.

Duration

Eleven hours of video were coded by a

At least 5
minutes

NREM

WAKE

Closed

Open

Overall few
movements, but
sudden jerks
may occur
occationally

Bouts of
intentional
movement

At least 10
minutes

At least 5
minutes

secondary coder to assess reliability. State codes were analyzed in 1-minute-epochs to determine
the percentage of agreement which was 69%. Prior literature using videosomnography has
reported reliability rates of 76-99% (Anders & Keener, 1985)
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Data analysis plan
Full nights of coding were summarized into total minutes spent in REM, NREM,
indeterminant sleep and wake. Our sample size changed at each milestone, resulting in some (sits
with hands) that were too small for traditional inferential analyses. As such, all three milestones
were only analyzed together graphically. Crawling and walking were analyzed separately with
Bayesian repeated measures ANOVAs on the total minutes spent in each state. A Bayes Factor
of 3 was set as the cut off for support of the alternative hypothesis (Stefan et al., 2019). Post hoc
tests for timing (before, on, or after onset) were also conducted. As participants continue to age
in and the sample size exceeds the number of timepoints, this analysis will be replaced with a
Bayesian mixed effects model.
Results
Descriptive statistics for the amount of time spent in each state and infants’ ages at
milestone acquisition are presented in Table 4.3. All data were normally distributed. Figure 4.1
presents each participant’s state durations across milestones, with several patterns beginning to
emerge across development.
Table 4.4
Mean sleep state duration and age across milestones
Motor milestone
Sitting
Crawling
Walking

Age (in days)
190
265
345

State duration (in minutes)
REM
NREM
IND
WAKE
212.53 296.65 104.87
31.82
211.74 274.07 134.14
34.2
202.31 260.68 113.32
43.66

Bayesian repeated measures ANOVA
For all comparisons, age was entered as a covariate and then added to the null model to
which all subsequent models were compared.
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Crawling. Five infants contributed all 3 time points around crawling. Duration of NREM
differed based on the night around milestone onset (BF10 = 56.78). Post hoc tests specified that
the night before onset was different than the night of (BF10 = 30.61) and the night of onset was
different than the night after (BF10 = 6.5). Differences in the duration of REM just surpassed our
threshold (BF10 = 3.2). Post hoc tests only found the night of onset to be different than the night
after (BF10 = 5.84). The Bayes Factors for wake and indeterminate sleep were small.
Walking. Five infants contributed data before and at onset, but only 2 contributed to the
night after. As such, this timepoint was dropped from the analysis. None of the state durations
met our Bayes Factor threshold of 3.
Conclusion
This was the first study to examine infants’ ultradian cycle around motor milestone
acquisition, using intensive longitudinal sampling of motor skills and near continuous nightly
videosomnography. Preliminary results are most robust around crawling, in part because it is the
most complete sample. There was a consistent pattern, displayed in the green line of Figure 4.1
and the results of the ANOVA, in which NREM increased on the night of onset relative to either
the day before or the day after. For all infants except one, REM sleep decreased the night of
onset, compared to the night before, but all six showed an increase in REM the night after.
Interpreting the Bayes Factor results is similar to an odds ratio. The impact of night around crawl
onset on NREM sleep is 56 times more likely than a spurious result.
While some aspects of sleep around crawling hold true for the other milestones, others do
not. Sleep data around the onset of sitting with hands displayed the most individual differences
with infants (e.g. 8 and 9) displaying opposite trajectories. The onset of walking produced
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Figure 4.1
Each infant’s duration of NREM and REM around the acquisition of all milestones.
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somewhat more consistency but was insignificant in the Bayesian ANOVA. There may be a
pattern of slightly more NREM and REM on the night of onset. More data is needed to clarify.
There is a role for sleep states, both developmentally and with immediate learning. Here,
I looked at sleep around the day that infants first performed a specific motor milestone. It does
not preclude that they practiced an approximation of the skill before or continued to practice the
skill from that day onward. However, the pattern of state distributions around the onset of
crawling is remarkably consistent. Infants show an increase in NREM sleep the night of onset
and an increase in REM the night after. NREM, or specific features of this state like slow wave
sleep, are most consistently impacted after learning (e.g. Huber et al., 2004; Takashima et al.,
2006). In one investigation, the extent of change, or how much more SWS participants displayed,
was positively related to performance on a motor adaptation task (Huber et al., 2004). REM, on
the other hand, is related to neural reorganization, procedural, and difficult tasks (Cao et al.,
2020; Peters, Smith, & Smith, 2007). While surprising that it did not increase on the night of
onset, it may have taken another day of practicing the skill to induce similar changes to those
seen in adults (Mandai et al, 1989).
Figure 4.1 underscores the extent of individual differences. Across sitting and walking,
the pattern of sleep state durations varied from infant to infant. The variability within infants is
also worth noting. They did not show the same pattern across milestones. For some, the nights
around sitting displayed the opposite trajectory to crawling and walking. Recalling the results
from Chapter 3, before sitting with hands and walking, infants were expected to have more wake
episodes with a decrease after. Crawlers displayed the opposite with less before and more after.
The latter finding is in line with our results here, as wake is more likely to follow REM than
NREM and infants displayed an increase in REM the night after acquisition.
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As infants continue to age in and acquire the motor milestones, a more robust sample will
address some of the limitations of the current study. However, some persist due to
methodological constrains. For example, we are only able to capture the behaviors recorded by
the Nanit camera. If infants were removed from the crib, perhaps because they were experiencing
the disruptions that motivated this study, there is no way to code their ultradian cycle. Second,
the accuracy of state coding is reduced in videosomnography as compared to polysomnography.
While we did not have a direct comparison, prior research has documented a reliability of 7080%. More precise metrics would be beneficial to both validity and coder fatigue.
Exploratory in nature, these results provide valuable insight into the role of sleep and
sleep states on naturalistic motor learning. Research on the ultradian cycle with this population is
rare, but it is even more so in conjunction with a task that is not contrived. Experimental control
may be sacrificed but the implications of the naturalistic paradigm are vast. The resulting
conclusions will have implications for infants with a motor delay or sleep disorders. Research on
REM deprivation in rat pups found that it disrupted their motor development (Knoop et al.,
2020). As such, it is worth explicit consideration whether disruption to infants’ ultradian cycles
is comorbid with any motor delays.
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CHAPTER FIVE
Novel methods for sleep state coding
Our knowledge about the developmental role of sleep states (REM and NREM) in human
infants is relatively limited. Two recent reviews posit that both are integral to development and
call for additional research to study this role through the second year when the decreasing
proportion of REM sleep slows and stabilizes around adult levels (Cao et al., 2021; Knoop, deGroot, & Dudink, 2020). The latter paper, by Knoop and colleagues (2020), specifically calls for
new methods to study infants’ ultradian cycles. In the previous chapter, I employed
videosomnography; this choice has its set of pros and cons. It allows for naturalistic data
collection but is extremely time consuming to code. Behavioral coding is also limited to the
behaviors that are visible. Eye movements and finger wiggles are much more difficult to see
when an infant is lying prone with their limbs tucked underneath themselves. As such, acceptable
interrater reliability for videosomnographic state scoring varies, ranging from 76-99% (Anders &
Keener, 1985) to greater than 85% (Camerota et al., 2018). In Chapter 4, ours was 69%.
Alternative methods for state scoring are scarce. The gold standard across development is
polysomnography (PSG) (Carskadon & Dement, 2016). A full PSG records cardiorespiratory
rates, brain activity, muscular activity, nasal air flow, sound, and motility (including eye as well
as limb movements). Most of the physiological measures use one or more sensors that are
physically attached to the person, amounting to about 6 wires and a full EEG cap (Werth et al.,
2017). Though usually conducted in a lab, PSG can be run at home. In either case, a sleep
technician is required to be awake and present for the data collection and coding. This method is
highly intrusive and more than one night of data collection is necessary because the disruption in
routine or additional stress significantly alters sleep metrics. Indeed, four-month-old infants
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showed a decrease in REM sleep when they underwent a PSG in the lab as compared to at home
(Bernstein, Emde, & Campos, 1973). However, it is more difficult for parents and infants to
disrupt their schedules for consecutive days and nights.
Designing a paradigm with PSG is not practical for most researchers. It is prohibitively
expensive in both time and money. A sleep technician or a research assistant should be present
for the entirety of the data collection period which could last from 9 – 13 hours and multiple
nights of data are recommended. Full sleep labs are equipped with an electroencephalogram
(EEG), electromyogram (EMG), cardiorespiratory monitoring system, disposable electrodes, and
audiovisual equipment, as well as a physical space large enough for all this and a bed. Access to
these resources is rare and commonly reserved for hospital settings; an observation bolstered by
the literature. Full PSG studies are much more common in sleep medicine.
It was the American Academy of Sleep Medicine (AASM) who created the specific
guidelines for state scoring PSG results (Scholle et al., 2011). While primarily related to the EEG
output, additional criteria for REM include twitching, elevated and variable cardiorespiratory
rates, and rapid eye movements (Grigg-Damberger et al., 2007; Knoop et al., 2017). Twitching
and eye movements were successfully used in the videosomnographic coding to indicate REM so
it follows that the other indicators may suffice as well. Here, I directly test that hypothesis.
Current study
The combination of motility and cardiorespiratory monitoring may be a viable,
naturalistic method for gathering data that can be coded into sleep states. Motility levels are
recorded with an actigraph. Worn around an infant’s ankle, it continuously records movement
amplitude to classify sleep-wake cycles; however, it does not provide enough information to
code sleep states (Sadeh, Raviv, & Gruber, 2000). Respiration and heart rates are modulated in a
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state dependent manner and one prior study has used the former in state coding (Isler et al.,
2016). Both are analyzed during traditional polysomnography and they can be assessed
individually, via the use of wireless monitors, with limited disruption to infants’ sleep. This
novel methodological combination has the potential to collect naturalistic, long-term sleep data
that is rich enough to provide information about individual differences in the quality of night
sleep and the ultradian cycle.
Method
Participants.
Ten12-month-old infants (+/- 3 weeks) and their families were scheduled to participate in
five consecutive nights of data collection. All but one of the infants were full term and had no
current heart or respiratory problems or dermatological ailments. Complete participant
information is presented in Table 5.1.
Table 5.1
Participant information
Gender

Age in days
m(sd)

Race and Ethnicity

6 M; 4 F

372.7 (12.2)
days

7 White; 2 Hispanic;
1 Black, Asain/Pacific
Islander, White

Families were recruited on a rolling basis from the Child Development Lab database and
via outreach at community events. They were compensated for their time and effort at a rate of
$5 for each night of data collection and an infant onesie. The maximum amount that any family
was eligible to receive was $25. The research was approved by the Institutional Review Boards
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of the College of Staten Island and parents provided written informed consent for their child’s
participation at the beginning of the study.
Apparatus

Figure 5.1

Actigraph. Participants were given an Ambulatory
Monitoring MicroMini sleep watch to collect actigraphy data.

Schematic of an infant
wearing the Lifetouch
sensors and actigraph

The actigraph was initialized before the initial meeting with
the families. Once data collection was complete, the
actigraphy data was downloaded via an interface and analyzed
via the ActionW 2.7 software and the Sadeh algorithm. This
program coded each minute as sleep or wake.
Heart rate and respiration monitoring. Lifetouch
(Isansys Co., https://www.isansys.com/ ) is a wireless non-invasive body-worn device for
collecting heart and respiratory rates. The infant size contains 2 female snaps that are attached to
2 electrodes with corresponding male snaps. After removing the paper backing, sensors were
stuck on the infant’s chest. The sensor emitted a soft blinking light to signal that it was on and
collecting data. The Gateway tablet recorded measures from the Lifetouch sensor via Bluetooth
and sent the data to the secure Lifeguard server. Heart and respiration data could be seen and
monitored by parents in real time on the Gateway tablet.
Research kit. The Lifetouch sensors, Gateway tablet, actigraph, and a short book of
instructions were housed in a bag given to parents labelled the Research Kit. In addition to these
materials, it also contained extra female snap electrodes, cotton pads, adhesive remover, and
petroleum jelly.
Procedure
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Families were contacted via phone or email when their infant was 10-11 months old to
explain the study and invite them to participate. If families agreed and their infant was the
appropriate age (12 months +/- 2 weeks), the researcher scheduled the initial meeting at a time
that was most convenient for them. Before COVID-19, during the initial meeting, the researcher
explained the consent form and provided the Research Kit. After COVID-19, the researcher
dropped off the equipment and explained the consent form virtually. The researcher provided her
contact information (phone number and email) in case parents had any questions or concerns
during their participation.
For five consecutive nights, parents turned on the Lifetouch sensor and put it on their
infant before bed. They also placed the actigraph around their infant’s left ankle. Other than this,
they were encouraged to have their nightly routine proceed as usual. The Gateway tablet
continuously recorded data that was collected via the sensor, using Wi-Fi to transmit this data to
a secure server at the lab’s physical location. After five nights of data collection, the researcher
scheduled a time to collect the materials, and families were thanked for their participation and
given their monetary compensation.
Heart rate, respiration, and actigraphy data were labelled with the participant’s number.
Data from the actigraph was used to distinguish sleep from wake. Heart rate and respiration were
used to visually segment nighttime sleep into REM, NREM, waking periods, and indeterminant
and via an algorithm. Presently, sleep state coding via these two methods were compared to each
other as well as previously reported results from age matched infants who underwent
polysomnography (Grigg-Damberger, 2007).
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State Coding

Figure 5.2
Adjusting the viewer size on the Patient
Status Engine produces data that can be
visually coded into different outcomes

Manual visual coding. Epoch-byepoch files were produced from the
actigraphy data, delineating sleep from
wake for each minute of data
collection. Corresponding
cardiorespiratory data was visually
coded on the Patient Status Engine.
Both heart and respiratory rates were
visible simultaneously and the viewing
window could be adjusted in size to
see, for example, 2 hours of data or 12

hours of data (See Figure 5.2). Based on the variability as well as the time constraints discussed
in the previous chapter (REMs last at least 5 minutes and NREMs last at least 10), each minute
of sleep was coded as REM, NREM, or indeterminate (See Chapter 4, Table 4.3 for full state
scoring criteria). Specifically, REM was indicated by a noticeable increase in the variability of
heart and respiratory rates.
Automated coding algorithms. Similar to actigraphy, epoch-by-epoch files were
generated from the Patient Status Engine for cardiorespiratory data. Infants’ heart and respiratory
rates for each minute were exported and combined with the actigraphy data. The start and end of
each night of data was manually defined. All coding and computation were done in R Studio and
stored on GitHub. Specific packages used include knitr, dplyr, ggplot2, lubridate, rmcorr,
BlandAltmanLeh, pwr, and magicfor. Within each night, heart and respiratory rates were
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averaged, centered, and standardized around the mean to produce z scores. Then, they were
compared to varying thresholds of greater than 0, 0.25, and 0.5 to ensure only minutes with the
most variability would be scored as REM. Heart and respiratory z scores were compared to the
thresholds separately using a series of loops and if then logic statements. If the value surpassed
the threshold, the minute was scored as REM. If the minute was coded as REM by both heart and
respiratory rates, it remained a REM; if not, it was changed to indeterminate.
Data Analysis
Sample size analysis. Sample size was determined based on the method developed by
Jan and Shieh (2016). In the distribution specifications, the mean difference score was estimated
to be zero with a standard deviation of 10 (indicating 10% of the epochs coded). The standard
deviation was estimated based on the results of research comparing sleep state coding using
polysomnographic, behavioral, and respiratory variability (Isler, Thai, Myers, & Fifer, 2016).
The resulting recommended sample size was N = 52. While this did not account for repeated
measures, an ANOVA was used to test the hypothesis that there were no subject differences in
accuracy of sleep state coding.
Methodological comparisons. Sleep state durations and proportions, as determined by
the automated algorithms, were compared to the PSG results of age matched peers to identify the
most accurate threshold. Then, results from only this algorithm were compared to the results of
visual coding in a series of Bland-Altman plots. As mentioned in Chapter 2, Bland-Altman plots
detect the magnitude and direction of difference between two methods. They also establish a cut
off, the limits of agreement, between which all difference scores should fall. When establishing
the boundaries, standard deviations were calculated using the components of variance methods to
account for repeated measures (Bland & Altman, 1999).
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Results
Preliminary analysis
Data could not be reviewed or analyzed until the equipment was returned after the
participation interval. As such, researchers were not notified (unless by parents) if the equipment
fell off in the night or malfunctioned in some way. Even so, 46 of the 50 scheduled nights (92%)
were useable data. Within these 46 nights,

Figure 5.3

each epoch was screened for impossible

State coding example using the 2-hour window and the 1hour-window

values (resulting from data collection errors),
resulting in 28,989 good epochs (96.8%) that
were included in the subsequent analyses. A
one-way ANOVA was used to check for a
main effect of subject and compared
durations derived from visual state scoring. It
was nonsignificant across all states [REM:
F(9, 18) = 1.28, p = 0.36, NREM: F(9,18) =
0.99, p = 0.5, IND: F(9,18) = 2.05, p = .15].
Visual coding

Before visual coding, actigraphy data was used to delineate sleep from wakefulness. The
first pass of visual coding is displayed in the white rows in Table 5.2. The Patient Status Engine
viewing window was adjusted to display 2 hours at a time. When the cursor was moved over the
data, the timestamp and current value appeared. Each minute, after being confirmed by
actigraphy as sleep, was scored as REM, NREM, or indeterminate. Total duration for each state
was summed for each participant across the entire data collection period. The
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Table 5.2
Cumulative state durations (across all 5 nights) from the first
and second visual coding passes
Subject
1
2
3
4
5
6
7
8
9

Coding
attempt

REM

NREM

IND

1

1138 (39%)

1369 (47%)

391 (13%)

2

750 (26%)

1507 (52%)

639 (22%)

1
2
1
2

833 (34%)
736 (30%)
1244 (39%)
1069 (33%)

1078 (45%)
1172 (49%)
1430 (45%)
1761 (55%)

485 (20%)
489 (20%)
493 (15%)
337 (10%)

1

868 (37%)

1069 (46%)

372 (16%)

2

641 (27%)

1432 (62%)

229 (9%)

1

1312 (46%)

1188 (41%)

354 (12%)

2

952 (33%)

1597 (56%)

305 (10%)

1

1083 (40%)

1274 (47%)

344 (13%)

2

722 (28%)

1573 (57%)

404 (15%)

1

985 (43%)

1051 (45%)

267 (11%)

2

679 (29%)

1416 (61%)

208 (9%)

1

887 (40%)

893 (41%)

398 (18%)

2

589 (27%)

1259 (58%)

318 (15%)

1

1154 (45%)

1001 (39%)

390 (15%)

2

794 (31%)

1382 (54%)

386 (15%)

1
n/a
n/a
n/a
2
563 (27%) 1223 (58%) 313 (15%)
Note. Participant 10 was added later and as such, only coded once,
using a one hour time window.
10

resulting data displayed a bias toward overestimating REM. Polysomnographic results stipulated
that one-year-olds spend approximately 21-30% of their time in REM (Scholle et al., 2011). To
address this bias, a second attempt at visual coding modified the procedure by shrinking the
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viewing window and focusing more heavily on respiration than heart rate. Figure 5.3 contains an
example of how this modification changed the coding. The top 2 panels (outlined in dark blue)
show 2 hours of data while the lower panels (outlined in light blue) include only one hour. The
dashed black boxes highlight the same REM episode, but greater zoom allows more specificity
in determining the onset and offset. During the first pass, the REM was coded as 1:59-2:30AM
and during the second, it was demarcated as 2:01-2:19AM. Resulting data after re-scoring were
much more in line with Scholle and colleague’s (2011) review, as seen in the gray rows of Table
5.2. Supplementary Figure 5.7 contains 4 hypnograms generated using the visual coding results.
They exemplify the variability in the ultradian cycle and patterns of wake from night to night.
Automated algorithms
The three z score thresholds were used to score each epoch of the nightly sleep data
separately. Durations of each state were compared to results using PSG. While none were a
perfect match, the threshold of greater than 0.25 was the most accurate when considering all
states (see Figure 5.4 and Supplemental Figure 5.8 for each infants’ data).
Bland-Altman plots Bland-Altman plots comparing visual scoring to the automated
algorithm (z > 0.25) were produced in Figure 5.5. While only 3 points exceeded the limits of
agreement, the algorithm consistently underestimated the amount of time spent in REM and
overestimated the time spent in indeterminate. The measures agreed more in estimating the time
spent in NREM as evidenced by difference scores approaching zero. To address the bias, the
algorithm was adjusted to only include respiratory rate. Prior researchers relied on this metric
over heart rate (Isler et al., 2016). Based on the excess of indeterminate sleep, the final step of
the algorithm – comparing state determinations from heart and respiratory rates – was the likely
source of the bias.
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Figure 5.4
Box and whisker plots of proportion of the night spent in each sleep state across coding thresholds
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Note. The top plot was generated using rnorm and the means and standard deviations listed by Scholle et al. (2011) for 1 year old
infants. Time awake was not explicitly listed but was calculated by subtracting total sleep time from total sleep period. N1 was
used as a substitute for indeterminate sleep.

Figure 5.6 displays Bland-Altman plots comparing the algorithm using only respiration
(and not heart rate) to visual coding. Only REM and NREM were scored because indeterminate
(IND) was previously indicated by a disagreement between heart and respiration. Difference
scores were closer to zero, with a lesser, but consistent bias; the algorithm estimated more time
spent in both states than visual coding. Again, 3 points exceeded the limits of agreement.
Discussion
The current project assessed the feasibility of a novel sleep measurement technique –
wireless cardiorespiratory sensors and actigraphy – to study the ultradian cycle in one-year-old
infants. Overwhelmingly, parents were able to implement the procedure with fidelity, resulting in
less than 10% data loss. A procedure was developed for visually scoring the data in the Isansys
Patient Status Engine, viewing it one hour at a time. The resulting data and proportion of time
spent in each state was comparable to the results of age-matched peers who underwent
polysomnography (Scholle et al, 2011).
We can contextualize this novel method within the choices of design and measurement
from Chapter 2. It can accommodate multiple nights of data collection and affords a new kind of
sleep variable: measures of the ultradian cycle. Interdisciplinary, developmental work
incorporating this aspect of sleep and studying it in infants is rare (notable exceptions include
Cecchini et al., 2017, Horváth et al., 2018; Gómez & Edgin, 2015) and the ability to do so is
extremely advantageous. Under choices of measurement, actigraphy plus cardiorespiratory
monitoring is an objective, but indirect form with the potential for both manual and automated
coding.
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Figure 5.5
Bland-Altman plots with limits of agreement comparing visual scoring to the automated algorithm (z < 0.25) across each sleep state.
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Figure 5.6
Bland-Altman plots with limits of agreement comparing visual scoring to the automated algorithm (z < 0.25)
using only respiration across each sleep state

Scoring by the automated algorithm was not significantly different (exceeding the limits
of agreement) than visual scoring, but it was systematically different. This bias is captured by the
dotted line on Figures 5.5 and 5.6 – the average difference score between the two methods.
Adjusting the algorithm to only use respiration and dropping the final comparisons of this and
heart rate was able to mitigate some bias though it was not eliminated entirely.
While researchers have been studying sleep for decades, our knowledge is remarkably
limited. Sleep creates a unique methodological conundrum that is further compounded when
studied in infant populations. Techniques that provide the most detailed information about sleep
are also the most invasive; the combined change in routine and application of unfamiliar
equipment have been known to alter typical sleep patterns (Grigg-Damberger, 2007). The need
for creative, minimally disruptive solutions to study sleep that do not compromise the richness
and accuracy of the measurements is paramount. The implementation of this technology has the
potential to fill this void.
Additionally, the use of an open-source platform (R Studio) for creating algorithms
promotes transparency and collaboration. In its current form, the R code can be used to estimate
total amounts of REM and NREM in a night. However, it can be built upon and specified in
novel ways that will allow researchers to tailor it to their own research questions. Taken together,
these are small steps in making sleep research more accessible to both scientists and the general
public. Limitations of the work include the lack of a gold standard comparison – PSG. Also, the
algorithm is unable to account for the duration component of sleep state coding, and it is yet
unknown how the algorithm will cope with data from older or younger infants. Future research is
underway to include 12–24-month-old infants.
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Appendix

Supplementary Figure 5.7
Four example hypnograms depicting infants’ ultradian cycle

Supplementary Figure 5.8
Proportion of time spent in each state across the different z score thresholds for each infant
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CHAPTER SIX
Conclusions
I used a metaphor early on to describe the functional role of sleep because it is difficult to
conceptualize the fluidity with which development or experience and sleep interact. Imagining a
barista closing down a café at night allows me to see the bi-directional influence unfolding in the
short and long term. It also provides a context for interpreting my results. In the cafe, there are
multiple pieces of equipment, like large drip coffee urns and cold brew pitchers, that serve the
same general purpose: making coffee. Each are used in specific scenarios and their use impacts
the work of our closing barista. In Chapter 2, I compared three sleep measurement techniques –
all of which served to record the macrostructure of sleep (quality and timing). Consistent with
the prior literature, objective measures (i.e., actigraphy and videosomnography) were more valid
in capturing sleep quality than subjective measures (i.e., parent report). Consistent with our
metaphor, all measurements came with a unique, but sometimes overlapping list of pros and
cons.
The Nanit videosomnography cameras were particularly useful for longitudinal research,
and in Chapter 3 I examined sleep parameters in conjunction with motor skill onset. In doing so,
I observed the impact of milestone onset on the nights immediately surrounding the acquisition
of both novice and expert skills. Prior research had only reported group differences, comparing
infants who had and had not yet displayed the skill. But this may be more similar to comparing
the day- and night-shift workers than it is to seeing how the responsibilities of the closer may
fluctuate in isolation. The results added weight to the conclusion that our day-to-day experiences
influence sleep.
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Chapter 4 was designed because more information was needed to consider the
mechanistic explanation for my observations. Nanit videos were behaviorally coded into sleep
states – REM and NREM – to produce our first look beyond the macrostructure and into how the
ultradian cycle may factor into sleep and motor skill acquisition. The most consistent pattern was
around crawling in which NREM increased on the night of acquisition and REM increased on
the night after, suggesting the experience of crawling for the first time led to more NREM, while
more practice with the skill resulted in greater amounts of REM. The day-to-day experience of
infants influences their sleep as the daytime activities of the coffee shop influence our closer. Of
course, an infant’s days are not exclusively filled with motor skill development and I do not
anticipate that this is the only kind of experience to influence sleep. The drive for additional
research, specifically on the ultradian cycle, was the impetus for Chapter 5, a novel
methodological technique for recording infant sleep states. Using the combination of actigraphy
and cardiorespiratory sensors proved to be a feasible and minimally invasive option.
The call to action
It is difficult to guess the object a sculptor is making soon into the process and impossible
to envision all the final decisions that will tie it together. That is how I feel about sleep and
development. We cannot anticipate all of the questions or confounds we will encounter, nor can
we foresee every solution to be implemented. However, researchers must be able to adapt and
find solutions that lessen these issues of accessibility. Throughout this dissertation, two types of
accessibility issues present within the field of sleep and motor development: that of the
researcher and the participant. Here I will discuss them in more detail.
Making research accessible involves removing the barriers to initiate new inquiries or
conduct studies, such as journal paywalls or expensive methodological techniques. The latter was
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a theme in Chapter 5, as I discussed how prohibitively expensive an overnight polysomnography
could be. Many of these barriers can be mitigated with methodological creativity. In this matter, I
believe developmental psychology outstrips sleep research by fostering an explicit discourse
which has led to a long history of modifying existing paradigms to match logistical constraints.
For example, consider the study of infant attention. There are a variety of means to the ends of
examining this variable. Labs with funding can purchase eye tracking equipment (either head
mounted or stationary) to pinpoint infants’ exact gaze (e.g., Franchak, 2020), but labs without
can manually code videos for where infants’ eyes are oriented and infer attention (e.g., Ruff &
Rothbart, 2001). The latter requires more forethought in the setup (e.g., positioning the camera at
the right angle and distance) yet can be continually adapted or improved upon over time. New
technological advances can be integrated such as switching from hand cameras to mobile action
cameras, such as GoPros (https://gopro.com/en/us/).
Within the field of sleep research, such examples of methodological creativity are rarer.
Precise forms of sleep measurement from actigraphy to polysomnography require special
equipment and software. As such, they primarily exist in institutions that can afford them – be it
hospitals, research centers, or universities – and are only available to the researchers in those
institutions. Recent technological advances like Nanit and Isansys have the potential to improve
researcher accessibility. They create new options or tools for researchers to choose from as they
consider an appropriate design. For example, the methods I outlined in Chapters 3-5 could be
applied to other interdisciplinary research endeavors like studying the relationship between sleep
states and language acquisition.
Accessibility impacts participants as well. One concrete impact of novel technology is
that it supports sleep measurement that can be done in the home. I have previously discussed, in
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Chapter 2, why this is important to the validity of sleep measurement, but more paramount is the
fact that many people do not live in areas surrounding a hospital, research center, or university.
Travel can be a financial or physical burden and these families would be excluded. When this is
alleviated, the resulting sample and conclusions are more valid.
In the last several years or so, this facet of participant inaccessibility has become the topic
of explicit discussion in developmental psychology (e.g. Nielsen et al., 2017). Consider it like
this: scientists and the rest of the world stand on opposite sides of a canyon. We can try to cross
that chasm by building a bridge using the materials closest to us. Doing so would certainly allow
for some of us to cross, particularly those who can easily reach the materials or have the time to
build the bridge. For researchers, this may look like consistent grant funding. For participants, it
may be the time and means to come to the lab. Importantly, a bridge made of only convenient
materials is likely to leave many people stranded on the other side. For example, early career
researchers without a record of funding may struggle to secure large grants. Infants and toddlers
may be in daycare during the day while both parents work, leaving little time for a trip to the lab.
It is not enough to build a bridge, we must build a bridge accessible for everyone to cross.
Only using convenient materials to build a bridge is akin to convenience sampling, a
researcher choice that is often construed as a methodological inevitability. This dissertation is
not immune to such limitations. My recruitment techniques were a choice of precedent and, later,
mild desperation. Participating families typically heard about the lab through friends or by
having an older sibling participate. Some were recruited at the Brooklyn Public Library, but,
particularly after the start of the pandemic, most participants were one degree of separation from
me or less.
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Unfortunately, homogenous sampling is not unique to me or even this field. Without
explicit discussion of sample composition, results can be extrapolated beyond their methods.
Most research is conducted with only WEIRD (white, educated, industrial, rich, and democratic)
populations (Barry, 2020; Nielsen et al., 2017). Within the WEIRD population, there is a
uniform conceptualization of infant sleep. Parents encourage their infant to sleep through the
night and self-soothe when they wake (Barry, 2020). However, this resulting body of literature
describes only a sliver (about 7.6% to be exact) of the contexts in which sleep develops around
the world (Nielsen et al., 2017). We will not fully understand sleep development until we have
seen all its forms.
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Peirano, P., Algarıń , C., & Uauy, R. (2003). Sleep-wake states and their regulatory mechanisms
throughout early human development. The Journal of Pediatrics, 143(4), 70–79.
https://doi.org/10.1067/S0022-3476(03)00404-9

92

Peters, K. R., Smith, V., & Smith, C. T. (2007). Changes in sleep architecture following motor
learning depend on initial skill level. Journal of Cognitive Neuroscience, 19(5), 817–829.
https://doi.org/10.1162/jocn.2007.19.5.817
Prince, T. M., Wimmer, M., Choi, J., Havekes, R., Aton, S., & Abel, T. (2014) Sleep deprivation
during a specific 3-hour time window post-training impairs hippocampal synaptic plasticity
and
memory. Neurobiology of Learning and Memory, 109, 122–130.
Ruff, H. A., & Rothbart, M. K. (2001). Attention in early development: Themes and variations.
Oxford University Press. https://doi.org/10.1093/acprof:oso/9780195136326.001.0001
Sadeh, A. (2004). A brief screening questionnaire for infant sleep problems: Validation and
findings for an internet sample. Pediatrics, 113(6), e570–e577.
https://doi.org/10.1542/peds.113.6.e570
Sadeh, A., Lavie, P., Scher, A., Tirosh, E., & Epstein, R. (1991). Actigraphic home-monitoring
sleep-disturbed and control infants and young children: a new method for pediatric
assessment of sleep-wake patterns. Pediatrics, 87(4), 494-499.
Sadeh, A. (2011). The role and validity of actigraphy in sleep medicine: An update. Sleep
Medicine Reviews, 15(4), 259–267. https://doi.org/10.1016/j.smrv.2010.10.001
Sadeh, A., Raviv, A., & Gruber, R. (2000). Sleep patterns and sleep disruptions in school-age
children. Developmental Psychology, 36(3), 291.
Scher, A. (1996). The onset of upright locomotion and night wakings. Perceptual and Motor
Skills, 83(3), 1122-1122.
Scher, A. & Ratson, M. (1998). Motor development and sleep problems among 9-month-olds.
Perceptual and Motor Skills, 87(3), 1218-1218.

93

Scher, A., & Cohen, D. (2005). Locomotion and nightwaking. Child: Care, Health and
Development, 31(6), 685–691. https://doi.org/10.1111/j.1365-2214.2005.00557.x
Scher, A., & Cohen, D. (2015). V. Sleep as a mirror of developmental transitions in infancy: The
case of crawling. Monographs of the Society for Research in Child Development, 80(1), 7088.
Scholle, S., Wiater, A., & Scholle, H. C. (2011). Normative values of polysomnographic
parameters in childhood and adolescence: Cardiorespiratory parameters. Sleep Medicine,
12(10), 988–996. https://doi.org/10.1016/j.sleep.2011.05.006
Schumacher, A. M., Miller, A. L., Watamura, S. E., Kurth, S., Lassonde, J. M., & LeBourgeois,
M. K. (2017). Sleep moderates the association between response inhibition and selfregulation in early childhood. Journal of Clinical Child & Adolescent Psychology, 46(2),
222–235. https://doi.org/10.1080/15374416.2016.1204921
Scott, H., Lack, L., & Lovato, N. (2020). A systematic review of the accuracy of sleep wearable
devices for estimating sleep onset. Sleep Medicine Reviews, 49, 101227.
https://doi.org/10.1016/j.smrv.2019.101227
Seehagen, S., Konrad, C., Herbert, J. S., & Schneider, S. (2015). Timely sleep facilitates
declarative memory consolidation in infants. Proceedings of the National Academy of
Sciences, 112(5), 1625. https://doi.org/10.1073/pnas.1414000112
Seelke, A. M. H., & Blumberg, M. S. (2008). The microstructure of active and quiet sleep as
cortical delta activity emerges in infant rats. Sleep, 31(5), 691–699.
https://doi.org/10.1093/sleep/31.5.691

94

Seelke, A. M. H., Karlsson, K. AE., Gall, A. J., & Blumberg, M. S. (2005). Extraocular muscle
activity, rapid eye movements and the development of active and quiet sleep. European
Journal of Neuroscience, 22(4), 911–920. https://doi.org/10.1111/j.1460-9568.2005.04322.x
Shaffery, J. P., Sinton, C. M., Bissette, G., Roffwarg, H. P., & Marks, G. A. (2002). Rapid eye
movement sleep deprivation modifies expression of long-term potentiation in visual cortex
of immature rats. Neuroscience, 110(3), 431–443. https://doi.org/10.1016/S03064522(01)00589-9
Sheldon, S. H. (2014). Development of sleep in infants and children. In Principles and Practice
of Pediatric Sleep Medicine (pp. 17–23). Elsevier. https://doi.org/10.1016/B978-1-45570318-0.00003-6
Shibagaki, M., Sawata, T., & Tachibana, T. (2004). Relation between polysomnographic
measures during nocturnal sleep and a quotient of behavioral development in infants with
developmental disabilities. Perceptual and Motor Skills, 99(2), 429-434.
Simon, K. N. S., Werchan, D., Goldstein, M. R., Sweeney, L., Bootzin, R. R., Nadel, L., &
Gómez, R. L. (2017). Sleep confers a benefit for retention of statistical language learning in
6.5 month old infants. Brain and Language, 167, 3–12.
https://doi.org/10.1016/j.bandl.2016.05.002
Smith, C., & MacNeill, C. (1994). Impaired motor memory for a pursuit rotor task following
Stage 2 sleep loss in college students. Journal of Sleep Research, 3(4), 206-213.
Sokoloff, G., Hickerson, M. M., Wen, R. Y., Tobias, M. E., McMurray, B., & Blumberg, M. S.
(2020). Spatiotemporal organization of myoclonic twitching in sleeping human infants.
Developmental Psychobiology, 62(6), 697–710. https://doi.org/10.1002/dev.21954

95

Soska, K. C., Adolph, K. E., & Johnson, S. P. (2010). Systems in development: Motor skill
acquisition facilitates three-dimensional object completion. Developmental Psychology,
46(1), 129–138. https://doi.org/10.1037/a0014618
Stefan, A. M., Gronau, Q. F., Schönbrodt, F. D., & Wagenmakers, E.-J. (2019). A tutorial on
Bayes Factor Design Analysis using an informed prior. Behavior Research Methods, 51(3),
1042–1058. https://doi.org/10.3758/s13428-018-01189-8
Stickgold, R., James, L., & Hobson, J. A. (2000). Visual discrimination learning requires sleep
after training. Nature Neuroscience, 3(12), 1237-1238.
Tham, E., Schneider, N., & Broekman, B. (2017). Infant sleep and its relation with cognition and
growth: A narrative review. Nature and Science of Sleep, Volume 9, 135–149.
https://doi.org/10.2147/NSS.S125992
Walker, M. P., & Stickgold, R. (2006). Sleep, memory, and plasticity. Annual Review of
Psychology, 57(1), 139–166. https://doi.org/10.1146/annurev.psych.56.091103.070307
Werth, J., Atallah, L., Andriessen, P., Long, X., Zwartkruis-Pelgrim, E., & Aarts, R. M. (2017).
Unobtrusive sleep state measurements in preterm infants – A review. Sleep Medicine
Reviews, 32, 109–122. https://doi.org/10.1016/j.smrv.2016.03.005

96

